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ABSTRACT

ADOPT: AN ENVIRONMENTALLY-FRIENDLY SYSTEM FOR ALERTING DRIVERS TO
OCCLUDED PEDESTRIANS TRAFFIC

Abrar Abdulrahman Alali
Old Dominion University, 2024

Director: Dr. Stephan Olariu

The emergence of sensing technologies and vehicular communications has brought significant

opportunities for enhancing pedestrian safety on city streets. However, existing solutions rely on

costly technologies such as computer vision and trajectory prediction to detect crossing pedestri-

ans, while they have limits in detecting pedestrians who are occluded by parked cars. Despite the

presence of collaborative perception by surrounding vehicles and infrastructure, there is a notable

absence of incorporating existing parked cars themselves due to their insufficiency in detecting

pedestrians and communicating with other cars while they are turned off. Furthermore, accommo-

dating pedestrians on streets has been linked to an additional cost to the environment. This cost is

due to the fluctuations in the speed of the car to avoid collisions with pedestrians, which increases

fuel consumption and CO2.

We first propose to enlist the help of cars parked along the sidewalk to detect and protect cross-

ing pedestrians. In support of this goal, we propose ADOPT: an Environmentally-friendly system

for Alerting Drivers to Occluded Pedestrian Traffic. ADOPT lays the theoretical foundations of a

system to use parked cars to detect and protect occluded pedestrians. We cope with the resource

constraints in parked cars by utilizing short-range and low-power radio frequency sensors to detect

pedestrians who also transmit radio signals from energy-harvesting wearables.

To estimate fuel consumption and CO2 of cars, we found that the existing estimating ap-



proaches for user-specific requirements are not suitable for our goal. We overcome this limitation

by using a simple version of the energy demand model knowing the most suitable powertrain effi-

ciency. Thus, in this dissertation, we evaluate the vehicle energy demand model by testing several

powertrain efficiencies. This allows us to accomplish our next task in this dissertation.

Next, we propose speed reduction schemes based on studying possible scenarios for midblock

crossing. In these scenarios, the approaching car receives, in advance, caution messages about

crossing pedestrians from ADOPT system. We show that these schemes reduce the fuel consump-

tion and CO2 emissions of approaching cars. With this, we show how ADOPT is an environmen-

tally friendly system without compromising the safety of midblock pedestrians by utilizing parked

cars along the street.
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CHAPTER 1

INTRODUCTION

1.1 MOTIVATION

The current trends in pedestrian fatalities in the United States show that the number of pedes-

trians killed by U.S. drivers has remained high over the past few years, as reported by the Governor

Highway Safety Association [23]. A closer look into the location of these fatalities shows that 75%

of these fatalities occur at non-intersectional or midblock locations [50]. These statistics motivate

us to look into the aspects that are related to pedestrian safety at midblock. At midblock, parked

cars create a visual obstruction, impeding the driver’s view of pedestrians attempting to cross. This

is a well known issue in pedestrians safety research. Recent studies [19], [106] concluded that one

of the main causes of crashes involving pedestrians is occlusion: the driver is unaware of the pres-

ence of pedestrians because some objects partially or fully occlude them. The issue continues to

endure during the advancement of Autonomous Vehicles (AVs) [99] when the on-board sensors

fail to detect pedestrians because of occlusion. Therefore, detecting occluded pedestrians reliably

and in a timely manner is key to promoting pedestrian safety [48].

The second problem related to the midblock crossing, is the additional environmental cost

that is elevated because of accommodating pedestrians at midblock. A study in [41] showed that

the fuel consumption of a car increased incrementally as the number of pedestrians increased.

Consequently, the CO2 emission was also increased in streets. This increase has been linked to

the change in the car’s speed to avoid collisions with pedestrians. In fact, the continuous change
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of driving modes (i.e., cruising, acceleration, and deceleration) increases fuel consumption and

pollution, which is measured by elevated CO2 levels in the environment.

1.2 PROBLEM

In this section, we introduce the research problems that we intend to tackle in this disserta-

tion. We first discuss the problems related to the safety of occluded pedestrians in Section 1.2.1.

Next, as we are interested in solving the problem of the increase of the environmental impact of

accommodating crossing pedestrians, we discuss the problem of the current methods to estimate

fuel consumption and CO2 in Section 1.2.2. Then, we discuss the problem of reducing the envi-

ronmental impact of accommodating midblock crossing pedestrians in Section 1.2.3.

1.2.1 Occluded Pedestrian Detection

The emergence of sensing technologies and wireless communication capabilities is being lever-

aged to increase pedestrian safety. Modern cars are equipped with on-board sensors such as cam-

eras, laser devices, and Light Detection and Ranging (LiDAR) are part of the arsenal of local

sensors employed to detect pedestrians [22]. One common characteristic of these sensors is that

they require a clear Line-of-Sight (LoS) to be able to detect pedestrians [52]. Because of this,

occluded pedestrians are not detected when some objects block the line of sight of these sensors

[111]. In addition, weather and lighting conditions (e.g., glinting sun or other reduced visibility

conditions) are apt to thwart the ability of on-board sensors to detect pedestrians [15], [82].

To overcome the limitations of local LoS sensors, wireless communications and collaborative

perception have been leveraged to increase road safety. Wireless communications have enabled

Vehicles-to-Pedestrians (V2P) communications [72] where drivers are alerted to the presence of
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pedestrians by sending safety messages from their hand-held devices (usually smartphones) to an

On-Board Unit (OBU) in the vehicle or to the driver’s smartphone. However, V2P involves several

challenges in order to work effectively. One challenge is the lack of an effective direct communica-

tion channel between pedestrians and cars. WiFi is a communication channel that was utilized, but

it has its own constraints that limit its usage in the fast mobility of cars [36]. Similarly, Zigbee and

Bluetooth have scalability issues in terms of the number of paired devices [45]. Dedicated Short

Range Communication (DSRC) is prominent in Vehicle-to-Everything (V2X) communications,

but pedestrians’ smartphones are not equipped with it yet. Several researchers proposed the use

of cellular V2X (C-V2X) to enable the communications of cars and pedestrians. This approach is

feasible, but the expenses of using it are high, and there are privacy issues that remain unsolved for

the pedestrian side [104]. Furthermore, the major limitation in the pedestrian side is the potential

high power consumption of the pedestrian devices [66]. Not to mention the inaccurate localiza-

tion of GPS, which is still within a few meters [97] which is critical for crossing pedestrians. In

addition, smartphone privacy and security may be violated since these communications require

accessing sensitive information such as the Media Access Control (MAC) address in order to route

messages, and it can be used by attackers.

Another promising approach to tackle the occlusion issue is adopting the Collaborative Percep-

tion to share detection information of the surrounding pedestrians among moving vehicles and/or

Roads-Side Units (RSU)[72]. Collaborative perception is enabled among vehicles through Vehicle-

to-Vehicle (V2V) communications, where a moving vehicle that has a LoS connection to a group

of pedestrians alerts neighboring vehicles. Sharing information among moving cars about sur-

rounding pedestrians [81] overcomes the occlusion that is caused by other moving cars. However,

the problem remains in the case of occlusion that is caused by parked cars. Alternatively, a number
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of researchers have suggested supplementing the data collected by local LoS sensors with infor-

mation collected by pre-deployed roadside infrastructure [24] through Vehicle-to-Infrastructure

(V2I) communications. This approach is done by installing sensors, cameras, and communication

units on existing roadside infrastructure, such as light poles, or by installing them on additional

infrastructure, such as RSU to detect pedestrians and alert approaching cars [113]. Although this

approach improves the detection of occluded pedestrians, it focuses on signalized intersections,

while most pedestrian accidents tend to occur midblock [42], [87], [108]. Moreover, this approach

is problematic since roadside infrastructure may not be available at midblock [15]. While collab-

orative perception mitigates the LoS challenge, it has serious scalability problems since it mostly

relies on DSRC to disseminate the alert messages. Indeed, reporting pedestrians within a large ra-

dio coverage area tends to be unreliable due to known impairments of radio transmission, various

forms of interference, message propagation delays, and security concerns [68].

In business and residential areas, the coexistence of parked cars and pedestrians is inevitable.

However, the current approaches of addressing pedestrian occlusion because of parked cars along

streets have neglected the role of parked cars themselves. The existence of parked cars could be

taken positively by utilizing them as alternative infrastructure units to detect midblock crossing

pedestrians. Several researchers have recognized the potential of using parked vehicles as an alter-

native road-side infrastructure in support of sensing and networking. For example, parked cars can

be used as relaying nodes in the network to retransmit the received messages to the incoming cars

to enhance the connectivity in VANET [18], [76].

In this dissertation, we enlist parked cars to detect pedestrians and alert approaching cars,

thereby avoiding collisions. We consider the low-power constraints of parked cars in which they are

not operated, and they can consume a small amount of their batteries to operate low-power devices
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in the car, such as the clock and the alarm. In addition, our system uses sensing technologies that

can cope with the constraints of pedestrian devices in terms of power usage and privacy. Also, our

system utilizes an accurate localization approach to accurately determine whether pedestrians are

crossing or walking along the sidewalk. Moreover, our sensing service provides messages that are

informative and accurate to the AVs or the drivers. Information such as the location and the time

of crossing is provided while preserving the privacy of pedestrians.

1.2.2 Estimating Fuel Consumption and CO2

Researchers involved in the study of the environmental impact of transportation often need to

estimate instantaneous fuel consumption and CO2 emissions, given driving cycles1 and the car

specifications of interest. To accomplish this, several approaches may be contemplated.

One natural approach is to conduct real-world experiments to record measured fuel consump-

tion and emissions using specialized equipment [37]. The collected data can then be used to

develop statistical models (i.e., data-driven models), such as linear regression models, to predict

fuel consumption and emissions for user-defined driving cycles and car-specific characteristics.

This approach is challenging to apply because real-world experiments are expensive to carry out

and require specialized equipment to measure fuel and emissions. Alternatively, researchers can

use the data-driven models that are developed based on the data collected in the field by applying

them either directly (with the required model calibrations) [67] or by utilizing simulation tools that

embed them to predict fuel and emissions in simulation environments. This approach has its short-

comings: (1) Choosing a suitable data-driven model can be challenging due to differences between

the conditions under which the models were developed and the user-defined cycles they are aiming

1That is, the data points represent the speed of a driven vehicle over time for a typical driving pattern) [2]
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to study; and, (2) Data-driven models derived from real-world experiments contain constant coef-

ficients that may be hard to understand by users [117].

On the other hand, fuel consumption and emissions can be estimated using physics-based mod-

els [26], [35]. To predict the energy needed by a car to complete a given driving cycle, these models

use speed profiles and car specifications as input parameters. This allows the model to be gener-

alized to various driving patterns and car models. Moreover, physics-based models provide an

intuitive way to understand the relationships between inputs and outputs, making the model un-

derstandable to researchers. However, the complexity of these models may vary depending on the

input parameters. Considering more related inputs might increase the accuracy of the estimations,

while considering fewer inputs might decrease it [3]. These types of models can be applied us-

ing specific software such as MOtor Vehicle Emission Simulator (MOVES) [96]. However, this

software cannot be used to obtain real-time data during driving when needed, such as in fuel opti-

mization algorithms. Therefore, researchers need a simple fuel consumption model that considers

available data as parameters and produces accurate and explainable results in real time.

One of the simplest physics-based models used directly to estimate fuel consumption is the

energy demand model that was used in [13], [26], [35]. The energy demand model utilizes variable

parameters determined by the speed profile and the specifications of the vehicle. The EPA provides

car test datasets that contain these specifications [91]. This, in turn, makes the car specifications

that were used for official car tests available to be used in the model. Additionally, the efficiency

of a car to convert fuel to mechanical energy can be determined using the measurements of the fuel

expended and the estimated power demand [35], [88]. This efficiency value can be used to estimate

fuel consumption accurately if the correct powertrain efficiency is known. One of the advantages

of this model is that it can capture the instantaneous changes in fuel consumption based on the car
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dynamics, determined using the speed profile and the specifications of the car. The output of this

model can be easily explained and understood by researchers. Although the energy demand model

offers a simple way to estimate fuel consumption for any driving cycle, at the moment there is a

lack of studies that assess the quality of the estimates it produces using publicly available data.

In this dissertation, we evaluate the fuel consumption and CO2 emission estimates produced

by the energy demand model and compare them to official measurements published by the EPA.

Then, we demonstrate the ability of the energy demand model to be generalized to various driving

cycles, including user-defined driving cycles and a variety of car models.

1.2.3 Reducing the Impacts of Midblock Crossing Pedestrians

Recent statistics revealed that midblock crossing, including jaywalking, is a ubiquitous societal

phenomenon that is here to stay [32], [87]. Further studies have confirmed that accommodating

pedestrians who cross midblock increases fuel consumption, CO2 emissions, and the average trip

time [9], [41], [64]. In order to avoid crashing into pedestrians crossing midblock, cars must reduce

their speed and then accelerate to resume their cruising speed. Unfortunately, these avoidance

maneuvers significantly increase fuel consumption and emissions [75].

The common approach taken by researchers to contain the increase in fuel consumption due to

promoting pedestrian safety at controlled intersections involves using vehicular communications,

such as V2I communications (e.g., intersection management system) and/or V2V communications

[6], [47], [98], [101].

If pedestrians are detected at intersections managed by traffic systems, the approaching cars

react according to the scheduling scheme sent by the traffic management system. However, pedes-

trians who cross midblock can be detected using on-board pedestrian detection systems [60] or
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by collaborative perception from surrounding cars and/or infrastructure [4], [53], [109]. Virtually

all studies on reducing the environmental impact of promoting road safety have focused on com-

munication between intersection management systems and vehicles to optimize fuel consumption.

However, as previously mentioned, cars can now receive alerts about midblock crossings. There-

fore, it is necessary to develop methods to efficiently reduce the speed based on the received alert

messages while considering the environmental impact.

In this dissertation, we fill this research gap by providing schemes for adjusting the speed of

the car after receiving midblock crossing alerts, considering the environmental impacts. While the

environmental impacts of midblock crossing have been explored, there is a glaring lack of effort

to reduce these impacts. We propose two schemes for maintaining a safe speed to avoid collisions

with pedestrians crossing at several different locations, without the need for the cars to stop. The

first scheme is to immediately reduce the speed to a safe speed that minimizes fuel consumption and

reduces emissions. The second scheme is to defer the deceleration if the car is already responding

to a previous alert until it reaches the crossing area. Our simulation results show that the timely

dissemination of pedestrian crossing information to approaching cars can reduce fuel consumption

and emissions by up to 16.7%.

1.3 TECHNICAL BACKGROUND

1.3.1 Energy Harvesting Wearables

Body-energy harvesting devices represent a paradigm shift in wearable technologies. These

intelligent clothing and accessories replaced traditional battery-powered electronics by exploiting

human motion and thermal energy as alternative energy sources. These wearables transform ki-
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netic energy from footsteps, friction-induced charges from fabric contacts, and internal body heat

into usable power by integrating piezoelectric, triboelectric, or thermoelectric components. This

technique enables a wide range of applications, such as motion detection, health monitoring and re-

mote health diagnostics in resource-constrained environments [118]. Recent studies have explored

the use of piezoelectric elements to provide power to communication modules. [30] developed a

shoe module that can communicate with a smartphone held by the user. Their work showed that

the power produced by a single shoe is sufficient to transmit data from a Bluetooth module to a

hand-held smartphone. Such a module can be used to enable pedestrians to generate signals to

be received by nearby receivers that operate on the same frequency. Most importantly, they can

transmit signals while harvesting power from their own motion rather than from external batteries.

Similarly, ambient energy, such as solar energy and radio frequency energy, has been harvested

to power wearables. For example, [34] designed a wristband to harvest solar energy. A single

flexible solar panel in their design can harvest up to 16 mW of power in outdoor environment.

Similarly, [58] designed a wristband prototype consisting of a solar energy harvester and a Blue-

tooth Low Energy (BLE) module with a battery to conserve the harvested energy. Both solar and

RF harvested energy were also combined to power wearable devices. [105] designed a hybrid

RF-solar system to power wearable electronic devices.

1.3.2 RSS-Based Ranging

Received Signal Strength (RSS) ranging is commonly used approach in wireless localization

due to its simplicity and energy efficiency in estimating distances between transmitters and re-

ceivers [107]. This approach depends on the fact that the power of a transmitted signal diminishes

with distance when calculating the range between devices. RSS measures the power level received
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by a radio receiver, and it can be obtained by the Free-space propagation model given by Equation.

1.3.2.

Pr = Pt

(
GtGrλ

2

(4πd)2

)
,

where2:

• Pr: Received power in mW,

• Pt : Transmitted power in mW,

• Gt : Gain of the transmitting antenna,

• Gr: Gain of the receiving antenna,

• λ : Wavelength of the signal,

• d: Distance between the transmitter and the receiver.

Because of its limited accuracy in long-range communication, RSS-based ranging is used

mostly as a coarse-grain indicator. However, this approach achieves higher accuracy in short-

range (within 1-5 meters) localization [80].

1.3.3 Controller Area Network (CAN Bus)

Controller Area Network (CAN) is an in-vehicle network employed in the automotive industry

to facilitate real-time communication among various electronic control units within a vehicle. CAN

enables high-speed and reliable communication, supporting multiple nodes on the same network.

It is suitable for applications where timely and accurate data exchange is critical.

2The parameter names listed here may be re-defined in the other sections.
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1.3.4 Vehicular Ad-Hoc Networks (VANET)

Vehicular Ad-hoc Network (VANET) is a special type of Mobile Ad-hoc Networks which

enables modern cars to communicate directly with the surrounding infrastructure, vehicles and

pedestrians to exchange traffic information [57]. These communications are categorized into three

types: 1) Vehicle to Infrastructure (V2I) which enable the communication between the vehicle and

surrounding lights such as traffic lights and road side units; 2) Vehicle-to-Vehicle (V2V) which en-

ables the communication among vehicles; 3) Vehicle-to-Pedestrians which enables the vehicles to

exchange traffic information with surrounding pedestrians and other vulnerable road users. These

combined communications are described as Vehicle-to-Everything (V2X) in a broader term. These

types of communications are enabled by equipping the modern cars with communication devices

to send and receive information. There are two types of communication technologies that enable

VANET: 1) Dedicated Short-Range Communications (DSRC), that is a wireless communication

protocol designed for use by vehicles; 2) Cellular V2X (C-V2X) [77] in which the cellular net-

works are used to support wide range and reliable V2X communications.

1.3.5 Modern Cars On-Board Equipment for Pedestrian Detection

Modern cars are equipped with a variety of on-board sensors and devices that are used for

pedestrian detection as part of advanced driver assistance systems (ADAS) and autonomous driving

technologies. Here are some of the commonly used on-board sensors for pedestrian detection:

• Camera Systems

Cameras capture visual information to identify and analyze objects. They are crucial for

pedestrian detection by recognizing shapes, patterns, and movements. They are often used
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in conjunction with image processing algorithms.

• Radar Sensors

Radar sensors use radio waves to detect objects around the vehicle. It is effective in detecting

pedestrians, especially in adverse weather conditions. It can provide information about the

distance, speed, and direction of pedestrians.

• Light Detection and Ranging (LiDAR)

LiDAR sensors use laser beams to create a detailed 3D map of the surroundings. It is capable

of providing precise information about the shape and position of objects, including pedestri-

ans. It is effective in various lighting conditions.

• Ultrasonic Sensors

Ultrasonic sensors use sound waves to detect objects in close proximity. These sensors are

often used for detecting obstacles, including pedestrians, at low speeds or during parking

maneuvers.

• Infrared Sensors

Infrared sensors detect heat emitted by objects. They can be useful for pedestrian detection,

especially in low-light conditions, by recognizing the heat emitted by human bodies.

• Global Positioning System (GPS)

GPS provides the vehicle’s location and helps in understanding the context of the surround-

ings. While not directly used for pedestrian detection, GPS can complement other sensor

data to enhance overall situational awareness.
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• On-Board Unit for V2X Communication

Modern vehicles are also equipped with On-board Unit (OBU) to enable V2X communi-

cations. These types of communications are used in the collaborative perception approach

to increase the situational awareness about pedestrians. Pedestrian information from V2X

communication can be valuable for anticipating and reacting to pedestrians’ presence.

The central processing unit (CPU) is crucial for processing data from various sensors to iden-

tify and track pedestrians in real-time. The CPU runs advanced algorithms to analyze sensor data,

make decisions to avoid collisions, and ensure pedestrian safety. It integrates data from different

subsystems, manages communication with other vehicles and infrastructure, and supports the ve-

hicle’s ability to anticipate and react to pedestrian movements.

Understanding the power requirements is crucial for assessing the energy efficiency and oper-

ational costs of these systems. Table 1 shows the power consumption for each sensor type as well

as the central processing unit (CPU) [21].

1.3.6 Low-Power RF Sensors

Low-power Radio Frequency (RF) sensors are crucial components for applications requiring

energy efficiency and short ranges operations. These sensors, are typically designed to consume

minimal power, extending the battery life of electronic devices. Despite their limited range, often

extending up to a few hundred meters in LOS cases, these sensors provide reliable and efficient

data transmission, making them suitable for detecting and communicating with devices in the

surrounding areas. Their compact size and low energy consumption make them highly effective

for applications where both size and power constraints are important. In Table 2, we list examples

of these sensors. The data in the table is derived from the manufacturer’s websites [29], [55], [86].
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Table 1. Power consumption of sensors and CPU used in autonomous cars

Device/Sensor Model Power Usage

(W)

Camera Pt. Gray Dragonfly2 2.1

Radar Bosch LRR3 4

Sonar Bosch Ultrasonic 0.13

Large LiDAR Velodyne HDL-64E 60

Small LiDAR Velodyne VLP-16 8

GPS/INS NovAtel PwrPak7 2

CPU Nvidia Drive PX2 96

1.3.7 Parked Cars in VANET

Parked cars have been used in VANET to relay safety message dissemination in areas with low

traffic density. As an example, [43] proposed the idea of using parked cars as RSUs to improve

VANET connectivity. Similarly, [18] showed that parked cars are useful to work as relay nodes

in support of VANET communications. To increase road safety, [76] proposed that parked cars

communicate with their moving counterparts as relay nodes to increase safety in low-density areas

by multi-hopping the cooperative awareness messages. Due to the vast panoply of their on-board

sensors, parked cars can also be used as a sensing resource to alternate additional road-side units.

[1] showed that parked cars can be used as sensing resources, and the CAN bus, which is used

to connect in-vehicle devices, can also be used to provide power to the sensors while the car is
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Table 2. Examples of low-power and short-range RF Sensors

Sensor

Model
Manufacturer

Approximate

Price $

Frequency

Range (GHz)

Power Us-

age (mW)

NRF24L01+ Nordic Semiconductor 1.50 to 2.00 2.400 - 2.525 < 13

CC2500 Texas Instruments 4.00 to 6.00 2.400 - 2.4835 < 15

RFM75 HopeRF 1.50 to 2.50 2.400 - 2.4835 < 12

stopped. Alternatively, parked car sensors can be powered by harvesting ambient-energy such as

solar and wind energy.

1.3.8 Harvesting Ambient Energy

Harvesting ambient-energy is the process of extracting naturally occurring energy from the en-

vironment and converting it into usable electrical energy. This technique uses a variety of sources,

such as solar radiation, wind, temperature gradients, and motion. The generated energy is used

to power small, low-energy devices such as sensors and wearable electronics. This reduces the

dependency on traditional batteries and extends the operational life of these devices. Leveraging

ambient energy sources supports the development of sustainable and self-sufficient systems.

1.3.9 Time-Space Diagram

One of the basic tools in the toolbox of traffic engineers is the time-space diagram that allows

one to plot the trajectories of vehicles as curves in a Cartesian plane with axes labeled “time” and

“space”. Referring to Figure 1, the vehicle’s coordinates at time t are (t,s). The projection of this
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Figure 1. Illustrating the time-space diagram: The vehicle’s coordinates at time t are (t,s). The

vehicle has continued moving along its trajectory in such a way that at time t ′,(t ′ > t), its

coordinates are (t ′,s′). In the time interval [t, t ′], the vehicle has moved along the space axis from

location (0,s) to location (0,s′). The average speed is tan(θ), where θ is the angle determined by

the line segment connecting the points of coordinates (t,s) and (t ′,s′) and the positive direction of

the time axis.

point on the vertical axis, (0,s), indicates the position, at time t, of a vehicle that moves along the

space axis North-bound (i.e. from bottom to top).

Assume that the same vehicle has continued moving along its trajectory in such a way that at

time t ′,(t ′ > t), its coordinates in the time-space coordinate system are (t ′,s′). Equivalently, in

the time interval [t, t ′], the vehicle has moved along the space axis from location (0,s) to location

(0,s′).
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One of the nice features of the time-space diagram is that it allows one to compute and to

visualize the average speed of the vehicle. Indeed, referring again to Figure 1, elementary physics

indicate that the average speed, vavg, of the vehicle in the time interval [t, t ′] is the ratio

vavg =
s′− s
t ′− t

. (1)

This is the same as the slope of the line segment connecting the points of coordinates (t,s) and

(t ′,s′). Equivalently, the average speed vavg is tan(θ), where θ is the angle determined by the line

segment connecting the points of coordinates (t,s) and (t ′,s′) and the positive direction of the time

axis.

Finally, it is not hard to see that the instantaneous speed of the vehicle at an arbitrary time

τ, (t ≤ τ ≤ t ′) turns out to be the slope of the tangent to the trajectory at time τ . In particular, if the

trajectory happens to be a straight line, then the average speed matches the instantaneous speed, as

expected.

1.4 RESEARCH QUESTIONS

We recognize the challenges and limitations of the existing driver’s alert systems to occluded

pedestrians and the fuel’s cost of avoiding collisions with pedestrians. Thus, we aim to answer the

main research question: Can we utilize parked cars to protect occluded pedestrians and reduce the

environmental impact of accommodating pedestrians? In this dissertation, we split this question

into three questions to organize this work. The three questions are as follows:

• RQ1: Can we utilize parked cars to protect occluded pedestrians and alert approaching cars?

• RQ2: Can we accurately estimate the instantaneous fuel consumption and CO2 emissions

using the energy demand model?
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• RQ3: Can the alert messages about crossing pedestrians reduce the environmental impact

of midblock crossing?

Each of these research questions will be tackled in a separate chapter in this dissertation.

1.5 CONTRIBUTIONS

We recognize the challenges that need to be overcome in order to achieve improved pedestrian

safety while reducing fuel consumption and CO2 emissions to avoid pedestrians. Ultimately, our

work aims to build upon existing knowledge and make a contribution to fill the following research

gaps: 1) Although parked cars are one of the major causes of pedestrian occlusion, they have not

been leveraged to support occluded pedestrian detection; 2) Reducing fuel consumption due to

midblock pedestrian accommodation has not been investigated in pedestrian safety systems; and

3) Researchers interested in environment and transportation need an accurate and straightforward

model to estimate fuel consumption for their driving cycles and car specifications.

This dissertation contributes to improving the safety of occluded pedestrians and reducing the

environmental impact of midblock crossing through the following key contributions:

1. Providing the theoretical foundations of a low-power and infrastructure-free occluded pedes-

trian detection system (Chapter 3);

2. Introducing a novel criterion for the binary classification of pedestrians as “on the sidewalk”

or “in the street” (Chapter 3);

3. Offers a scheme for estimating the expected time it takes a crossing cohort to clear the

street(Chapter 3);
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4. Providing an algorithm that allows approaching cars to adjust their speed dynamically, given

several simultaneous crossing locations (Chapter 3);

5. Estimating fuel consumption and CO2 emissions for driving cycles resulting from adopting

ADOPT suggested speed using more realistic parameters (Chapter 3);

6. Providing a scheme for cars to choose the speed that reduces the elevated fuel consumption

and CO2 emissions while avoiding colliding with pedestrians (Chapter 3);

7. Applying the energy demand model for fuel consumption estimation, including instanta-

neous and average speed for user-defined driving cycles;

8. Comparing the computed fuel consumption with real-world data from several driving cycles

and evaluating the accuracy of the energy demand approach (Chapter 4);

9. Providing a simple approach for cross-disciplinary researchers to implement the model di-

rectly, given publicly available data related to car specifications (Chapter 4);

10. Providing schemes to reduce speed appropriately based on alert messages sent to approach-

ing cars along the street about midblock crossing. The proposed scheme showed a reduction

in fuel consumption and CO2 compared to sudden stop (Chapter 5).

1.6 THESIS ORGANIZATION

The rest of this dissertation is organized as follows:

• Chapter 2: We present the related work;
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• Chapter 3: We present our work ADOPT: a system for alerting drivers to occluded pedestrian

traffic. This chapter is designated to answer the first research question RQ1.

• Chapter 4: We present our work to evaluate the energy demand model for estimating fuel

consumption and CO2 emissions. This chapter is designated to answer the second research

question RQ2.

• Chapter 5: We present our work to reduce the environmental impact of midblock crossing

pedestrians using the alert messages from ADOPT. This chapter is designated to answer the

third research question RQ3.

• Chapter 6: We conclude our work in this dissertation by summarizing the main components

of this dissertation, revisiting the key contributions and listing the possible future work.
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CHAPTER 2

RELATED WORK

In this chapter, we review the literature on the three topics of this dissertation. In Section 2.1,

we present the related work of pedestrian detection systems, including occluded pedestrians. Then,

in Section 2.2, we offer a succinct review of relevant literature on estimating fuel consumption and

emissions for various user-defined driving cycles and car models. Lastly, in Section 2.3, we review

the related work on reducing fuel consumption and emissions using vehicular communications.

2.1 PEDESTRIAN DETECTION SYSTEMS

In this section, we focus on presenting the research related to detecting pedestrians in roads in

order to alert drivers or autonomous vehicles. This has been done by utilizing 1) on-board system

of the moving vehicle itself; 2) collaborative perception that is enabled through different types of

vehicular communications; and 3) parked cars that have been used to detect a particular type of

individuals.

2.1.1 Detecting Pedestrians Using On-Board Sensors

The literature on pedestrian detection by vehicle’s local Line of Sight (LoS) on-board sensors,

such as various camera technologies, LiDAR, and laser, is quite vast. LoS sensors can detect

pedestrians directly if they fully appear in the view. Brehar, Muresan, Mariţa, Vancea, Negru, and

Nedevschi [11], used an on-board infrared camera to detect pedestrians on the street. To overcome

the camera’s limitations in low-light conditions, De Nicolao, Ferrara, and Giacomini [16] fused
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the laser sensor with the camera to detect pedestrians and calculate their speed. Similarly, Chen

and Huang [14] fused thermal sensors with the stereo camera to detect pedestrians in low-visibility

conditions.

If pedestrians are partially occluded, additional effort is needed to recognize them by and on-

board camera utilizing deep learning and conventional networks [27], [61], [112], [116]. In addi-

tion, sensor fusion approaches have been leveraged to detect partially occluded pedestrians. Palffy,

Kooij, and Gavrila [59] used on-board thermal infrared sensors to detect pedestrians partially oc-

cluded by parked cars. Kwon, Hyun, Lee, Lee, and Son [39] suggested fusing on-board LiDAR and

radar to detect partially occluded pedestrians. Recently, Palffy, Kooij, and Gavrila [60] proposed

an occlusion-aware fusion of stereo cameras and radar to detect partially occluded pedestrians ear-

lier than using the camera alone for detection. While sophisticated LoS sensors can detect partially

occluded pedestrians, fully occluded pedestrians cannot be detected using the same sensors. Fur-

thermore, relying on LoS sensors for occluded pedestrian detection must involve extensive vision

algorithms that may not perform the task in a timely manner.

2.1.2 Detecting Pedestrians Using Collaborative Perception

Collaborative perception in VANET is used in pedestrian safety systems when a moving car

fails to detect pedestrians using its local LoS sensors and relies on remote sensors such as other

cars’ on-board cameras or street monitoring cameras to provide additional perception.

V2V Communications

Sun and Boukerche [81] proposed a collaborative system that shares the location of the pedes-

trians when they are detected by another car’s camera. The detecting car exchanges pedestrian
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location and speed with the blinded car that fails to detect low-visible pedestrians. Their system

has the advantage of enabling collaboration between cars to prevent pedestrian/car collisions. Ngo,

Fang, and Wang [51] addressed the issue of occlusion in autonomous vehicles by proposing a real-

time collaborative vehicular communication method using a bird’s-eye-view map, which contains

depth information and allows efficient data transmission between autonomous vehicles.

V2V communications improve driver’s awareness about surrounding pedestrians when they are

blocked by another moving car. However, when pedestrians attempt to cross between two parked

cars, all the moving cars may fail in detecting them.

V2I Communications

Several projects attempt to enhance pedestrian detection at intersections by installing cameras

and ranging sensors on light poles or RSUs. Once pedestrians are detected, approaching vehicles

are alerted to their presence. For example, Ben Khalifa, Alouani, Mahjoub, and Rivenq [10], Islam,

Rahman, Chowdhury, Comert, Sood, and Apon [33], and Noh and Yeo [54] installed a camera in

an RSU to detect pedestrians and alert approaching vehicles. Larson, Wyman, Hurwitz, Dorado,

Quayle, and Shetler [40] and Zhao, Xu, Liu, Wu, Zheng, and Wu [115] suggested fusing the input

from installed cameras with thermal and LiDAR sensors to detect pedestrians at day and night.

In a lower cost mechanism, Pereira, Sampaio, Chaves, Correia, Luís, Sargento, Jordão, Almeida,

Senna, Oliveira, et al. [63] installed piezoelectric elements at the beginning and end of crossing

lines to detect pedestrians and alert approaching vehicles through RSUs.

The aforementioned approaches are expensive to deploy, and, municipalities usually do not

have the resources to install them at all locations. In addition, they only cover controlled intersec-

tions, while many pedestrians are known to cross roads midblock. Additionally, the alert messages
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are exchanged between RSU and approaching vehicles via DSRC which covers a large area, caus-

ing network load and impairments of radio transmissions, various forms of interference, message

propagation delays, and security concerns.

V2P Communications

In order to mitigate the problem of occluded pedestrian detection with LoS sensors, Vehicle-

to-Pedestrians (V2P) wireless communication was leveraged to detect the presence of pedestrians.

WiFi, Zigbee, and Ultra-Wideband (UWB) were used in Dhondge, Song, Choi, and Park [17],

Ho and Chen [28], Wang, Zhou, and Ding [102], and Zhang, Song, Jaiprakash, Talty, Alanazi,

Alghafis, Biyabani, and Ozan Tonguz [110] for V2P communication and alerting either drivers or

pedestrians about anticipated collisions.Tahmasbi-Sarvestani, Nourkhiz Mahjoub, Fallah, Moradi-

Pari, and Abuchaar [83] have proposed a framework for V2P communications via DSRC units

with the goal of alerting both the pedestrians and the vehicle to a possible collision. The fu-

sion of the car’s perception and V2P communications were leveraged by Merdrignac, Shagdar,

and Nashashibi [49]. Their solution relies on recognizing the occlusion by a moving vehicle and

sending an alert to both the approaching car and the pedestrian’s device if detected via V2P com-

munications. Shahriar, Kale, and Chang [73] considered pedestrian equipment battery limitations.

The study established a practical method that effectively decreases collision rates by nearly 20%

and conserves battery usage through reduced beaconing.

Although V2P communications enhance the safety of occluded pedestrians by improving the

detection rate, their main drawback is that they are usually apt to drain the battery of the pedes-

trian’s device if used for extended periods of time. Yet another drawback is that V2P commu-

nications rely on inaccurate GPS readings to determine the distance between the pedestrian and
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approaching vehicles. Additionally, V2P communications do not scale well when multiple pedes-

trians are found in the street. In addition, most of the proposed methods rely on using cellular

network communications that require additional costs to operate.

2.1.3 Detecting Pedestrians Using Parked Cars

Parked cars have been used for detecting individuals in need of special care who are at risk of

becoming lostGriggs, Verago, Naoum-Sawaya, Ordóñez-Hurtado, Gilmore, and Shorten [25]. In

this system, parked cars are instrumented with Radio-Frequency Identification (RFID) readers to

detect tags attached to the person of interest. The detection information is then shared with admin-

istrative centers. Implementing RFID in parked cars to detect pedestrians has several drawbacks:

• Implementing RFID infrastructure, including readers, antennas, and tags, can be costly. The

expenses associated with deploying and maintaining a large-scale RFID system might be a

significant consideration.

• RFID systems can be vulnerable to security threats, such as unauthorized access and data

interception.

• RFID technology raises privacy concerns as it involves tracking and identifying individuals.

2.2 ESTIMATING FUEL CONSUMPTION AND CO2

Wang, Fu, Zhou, and Li [100] investigated fuel consumption for passenger cars for their user-

defined driving cycle using a portable emissions measurement system (PEMS) to collect real-time

data on driving parameters, fuel consumption rates, and emissions. The authors also used the ve-

hicle specific power (VSP)-based model United States Environmental Protection Agency [96] to
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validate their estimated fuel consumption. Their results showed that the model can predict fuel

consumption to within 15% to 20% of the measured values. However, their model relies on us-

ing constant coefficients based on the specific data and conditions of the study. Applying them to

different scenarios or vehicle models led to less accurate fuel consumption estimates. Chaim and

Shmerling [13] utilized an energy-demand model that considers engine-specific parameters and the

average speed of the driving cycle. The results of their estimation were reasonably accurate com-

pared to the fuel consumption data they obtained from field test measurements. Engine-specific

parameters determine powertrain loss and lead to an accurate estimate of fuel consumption. How-

ever, those parameters are not publicly available from official sources. Thus, it is challenging for

researchers to adapt the model of Chaim and Shmerling [13] for their purposes. Weng, Liang,

Qiao, Chen, and Rong [103] conducted a real-world experiment with four driving cycles (cruising,

acceleration and deceleration, and composite) to obtain vehicle fuel consumption and emissions

data using a vehicle emissions testing system. By analyzing the second-by-second data collected

during the experiment, the authors developed a model to estimate taxi fuel consumption and emis-

sions based on the reconstruction of driving trajectories using GPS data. Shaw, Hou, Zhong, Sun,

Guan, and Su [74] conducted a field test to evaluate two fuel consumption models: the powertrain-

based model and the vehicle dynamics-based model. The powertrain-based model estimates fuel

consumption based on the engine’s fuel injection rate, while the vehicle dynamics-based model

(i.e., physics-based model) considers the mechanical work applied to the vehicle. The constant

coefficients of the models were determined during model calibration using the measured data col-

lected in the field test.

Perugu [65] estimated the emissions of light-duty vehicles in Hyderabad, India, using the de-

fault emission rates from MOVES model. The model incorporated parameters such as local mete-
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orological conditions, vehicle age, and fuel data to generate base emission rates and deterioration

factors for older vehicles. They used VSP model in emission rate calculations. VSP is one of the

parameters that is used as input in MOVES lookup tables. In order to obtain the corresponding

rate for the VSP, MOVES lookup tables need to be accessed, which makes the application of this

method to real-time applications awkward, if not impossible.

Other researchers interested in studying the environmental impacts of intelligent transportation

systems have used several models to estimate fuel consumption and emissions. For example,

Alsabaan, Naik, and Khalifa [6] and Lu, Xu, Ding, and Lu [47] used the Virginia Tech Microscopic

(VT-Micro) model to estimate instantaneous fuel consumption and emissions for the vehicle. The

VT-Micro model was developed based on testing data collected at Oak Ridge National Laboratory

and the U.S. EPA, incorporating fuel consumption and emission rate measurements as functions of

vehicle speed and acceleration levels. The model was applied to a user-defined driving cycle using

constant coefficients established by the regression model. This model uses instantaneous speed,

acceleration and several regression coefficients.

More recently, Wang, Wen, and Chao [101] used the SUMO simulator to measure fuel con-

sumption as part of their evaluation of their autonomous intersection management system. SUMO

also uses a data-driven model with several constant coefficients that must be adjusted for use with

different cars.

2.3 REDUCING FUEL CONSUMPTION AND EMISSIONS USING VANET

The transportation sector has been a major contributor to air pollution [95]. Therefore, a num-

ber of researchers have utilized information exchanged through vehicular networks to reduce the

environmental impact of transportation systems.
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Alsabaan, Naik, and Khalifa [6] introduced a comprehensive optimization model involving

both V2V and traffic-light-signal-to-vehicle (TLS2V) communications. Through V2V and V2I

communications, cars approaching a traffic light signal receive information to adjust their speed to

a recommended value, aiming to minimize fuel consumption and emissions.

Similarly, Wan, Vahidi, and Luckow [98] proposed a speed advisory system for connected

vehicles to enhance fuel efficiency and comfort by managing speed in advance based on upcoming

traffic signal information.

Furthermore, Lu, Xu, Ding, and Lu [47] introduced advanced speed control at successive sig-

nalized intersections to mitigate fuel consumption and emissions, leveraging V2I and V2V tech-

nologies. Car speed was optimized by utilizing real-time traffic signal phasing, timing information,

and vehicle queue data. The method notably reduced fuel consumption and CO2 emissions by over

18%.

In addition, pedestrians who cross intersections were accommodated in a traffic management

system proposed by Wang, Wen, and Chao [101]. They introduced Roadrunner+, a cooperative

autonomous intersection management system designed for connected autonomous vehicles. This

work addressed the challenges posed by pedestrian crossings at intersections and scheduled traffic,

which resulted in efficiently reducing fuel consumption by up to 7.64%.

The aforementioned efforts focused in reducing the environmental impact of regulating traffic

at intersections. Although the environmental impact of midblock crossing has been identified in

many studies, there is a lack of proposed approaches to reduce this effect using vehicular networks.

2.4 SUMMARY

In this section, we provided an overview of the research related to detecting occluded pedes-
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trians. From this overview, we conclude that detecting pedestrians who are occluded by parked

cars along a street remains a challenging problem. After that, we showed the research related to

estimating fuel consumption and emissions. This review showed that there is a lack of evalua-

tion studies that assess the ability of the simple physics-based power demand model to estimate

the instantaneous fuel consumption and CO2 emissions. Finally, we presented an overview of the

research related to reducing the environmental impact of transportation using vehicular networks.

This overview showed that although the increase of the environmental impact due to midblock

crossing has been identified, this issue has been overlooked by researchers in the domain of vehic-

ular communications.
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CHAPTER 3

ADOPT: ALERTING DRIVERS TO OCCLUDED PEDESTRIAN TRAFFIC

In this chapter, we aim to answer our first research question RQ1: Can we utilize parked cars

to protect occluded pedestrians and alert approaching cars?.

This chapter presents our work that was previously published by [4]. The structure of this

chapter is as follows: Section 3.1 establishes terminology and discusses system assumptions. A

detailed discussion of how ADOPT works can be found in Sections 3.2–3.5. Specifically, Section

3.2 offers the details of pedestrian classification and localization. Section 3.3 offers the details

of the way ADOPT estimates the time it takes a cohort to cross the street. Next, Section 3.4

discusses the details of propagating the alert message to the approaching cars. In Section 3.5

we present an algorithm that can be used by approaching cars to adjust their speed as a result of

receiving information about one or several crossing cohorts. The empirical evaluation of ADOPT

spans Sections 3.6 and 3.7. Specifically, Section 3.6 introduces the simulation model and the noise

model assumed. Our comprehensive simulation results are presented and discussed in Section 3.7.

Finally, Section 3.8 offers concluding remarks and maps out directions for future work.

3.1 SYSTEM ASSUMPTIONS

The main goal of this section is to spell out the basic system assumptions that underlie ADOPT.

ADOPT relies on detecting radio frequency (RF) signals transmitted at each step while a pedes-

trian is walking. Many wearable devices, including smartphones, wristbands, and shoes, can detect

human steps [71]. Since we aim to design a low-power and low-cost system, we focus on lever-
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aging wearables that harvest energy from body motion. Specifically, we assume that pedestrians

(who could be children) wear shoes equipped with piezoelectric elements that provide a robust,

lightweight and inexpensive source of power for an in-shoe, battery-free power generator [30],

[114]. As already mentioned, when pedestrian shoes touch the ground, a circuit is closed, and a

rudimentary transmitter embedded in the pedestrian’s shoe is activated for a fraction of a second.

Although the transmission range depends on the amount of power generated by the piezoelectric

elements, the transmission range in this work is assumed to be up to 4 meters.

We assume that the parked cars know their exact geographic location by interfacing with a

digital map. In support of detecting the presence of pedestrians, cars are fitted with four low-power

radio transceivers placed at the front and rear axles on each side of the car. These transceivers detect

and measure the strength of RF signals transmitted by pedestrian shoes. Although the detection

range of a transceiver depend on its sensitivity, and it is a device-specific, we assume the detection

range of each transceiver to be up to 4 meters in this work. Recall that the four transceivers

mentioned above are integrated into, powered by, and synchronized to the intra-vehicle CAN bus

[78]. Nevertheless, the transceivers are assumed to be powered alternatively by harvesting ambient-

energy as we show in Figure 2.

The cars parked along the sidewalk are assumed to be aware of the distance between their right

transceivers and the sidewalk. This distance can be estimated by using any on-board proximity sen-

sor before stopping. The cars are assumed to be parked parallel to the sidewalk. This is assumed

for convenience only. Indeed, if the cars are parked orthogonally to the sidewalk, they are assumed

to be aware of the distance between their front or rear transceivers and the sidewalk. Notice that a

car can detect its orientation with respect to the sidewalk using any rudimentary on-board naviga-

tion system or its inertial sensors.
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Figure 2. Examples of ambient energy that can be harvested to operate car’s sensors.

The cars parked along the sidewalk self-organize into a linear vehicular network [89] within

one block in urban areas. Since we target a midblock crossing, we assume that traffic lights are

far away from parked cars and should not affect ADOPT work. If a traffic light exists, we assume

that parked cars are connected to the traffic light system and break the communication chain if

the traffic light is red. In this work, we refer to the resulting network as a chain of parked cars.

Refer to Figure 3 for an illustration. By consulting its on-board digital map, each car in the chain

determines the width of the street and the speed limit. It also identifies its position in the chain

and the pseudonyms of its two adjacent neighbors. When a car leaves or joins the chain, a simple

maintenance operation is performed to maintain the network [70].

It is important to note that since in an on-street parking situation, adjacent parked cars are,

typically, a short distance away from each other [5], the tasks inherent to self-organization and
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maintenance of the chain of parked cars can be performed at low power using a suitable subset of

transceivers such as Bluetooth Low Energy (BLE) or Zigbee.

We assume that when ADOPT is booted, there are no pedestrians in the street – pedestrians, if

any, are all on the sidewalk. This assumption is non-essential and is made for convenience only.

Similarly, we assume that pedestrians step into the street from the sidewalk in front of a parked

car. If the pedestrians step into the street behind a given parked car, but in front of the next parked

car in the chain, the latter will be responsible for undertaking the alerting actions. If there is no

car parked behind, then the original parked car will undertake the alerting actions, as described in

Section 3.4, using its rear transceivers instead of the front ones.

Alert messages indicating the presence of a crossing cohort are propagated backward along

the chain of parked cars, as illustrated in Figure 3. As they pass cars in the chain of parked cars,

Figure 3. Illustrating ADOPT: Parked cars detect occluded crossing pedestrians and alert

approaching cars.
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approaching cars will be alerted, using low-power communications, to the reported location (or

locations) of crossing pedestrians.

Although not specifically designed with self-driving cars in mind, ADOPT can be easily imple-

mented to run on self-driving cars. When such a car receives an ADOPT “Caution – pedestrian in

the street” message, it complies by reducing its speed without delay using a control system such as

the system proposed by [69]. However, at the moment, self-driving cars are not very common, and

so ADOPT alerts human drivers by displaying appropriate messages on a dashboard digital map,

attempting to minimize distraction. For this purpose, we assume an ADOPT app that is running

in approaching cars. The app determines the speed reduction necessary to avoid collision with the

crossing cohorts and displays the suggested speed on the dashboard.

3.2 PEDESTRIAN CLASSIFICATION AND LOCALIZATION

The first task that parked cars need to undertake is to determine if there are pedestrians in the

street. If there are no pedestrians in the street, all is well. Otherwise, pedestrians must be accurately

localized and their crossing time estimated. Once this information is in hand, approaching cars are

alerted to the presence of the crossing cohort. The main goal of this section is to provide the details

of pedestrian classification and localization.

3.2.1 Pedestrian Detection

Recall that, as mentioned in Section 3.1, with each step the pedestrians’ shoes generate, for a

fraction of a second, an RF signal with a known power T and a known frequency f [30]. When a

pedestrian walks near a parked car, the transceivers in the car receive the signals generated by the

pedestrian’s shoes. We calculate the Received Signal Strength RSS(Rx) at a generic transceiver Rx
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using the Free Space propagation model [44]:

RSS(Rx) =
T γ

δ 2
Rx
, (2)

where T is the power of the transmitted signal, γ is an environmental constant, and δRx is the

distance between the pedestrian who transmits the signal and the transceiver Rx. The pedestrian is

assumed to be detected if her δRx is less than or equal to the detection range of Rx.

3.2.2 Pedestrian Classification

An important task that ADOPT undertakes is the binary classification of detected pedestrians:

on the sidewalk or in the street. We begin by stating and proving a technical result of an indepen-

dent interest that provides a simple criterion for classifying pedestrians.

Lemma 3.2.1. Consider two points L and R in the plane and assume that the line segment LR they

determine has length w > 0. Let Γ be an arbitrary line perpendicular to LR. Γ is the locus of all

the points P for which

δ
2
L (P)−δ

2
R(P) = constant, (3)

where δL(P) and δR(P) are, respectively, the distance from P to the endpoints of the segment LR.

Proof. Let Q be the intersection of the (infinite) line through L and R with Γ and refer to Figure 4.

Assume, without loss of generality, that Q lies to the right of R. Denote by d the length of the

segment PQ and by x the length of the segment RQ.

By applying the Pythagorean theorem to the LPQ and RPQ we write
δ 2

L (P) = (w+ x)2 +d2 and

δ 2
R(P) = x2 +d2
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Γ

w xL R Q

P

δL(P ) δR(P ) d

Figure 4. Illustrating the proof of Lemma 3.2.1.

and consequently,

δ
2
L (P)−δ

2
R(P) = (w+ x)2 +d2 − x2 −d2 = w2 +2wx. (4)

Observe that the line Γ determines uniquely x and conversely. Specifically, for a given line Γ,

x is a constant (which depends on Γ), and so the expression w2 + 2wx is a constant implying that

δ 2
L (P)−δ 2

R(P) is itself a constant.

Conversely, assume that

δ
2
L (P)−δ

2
R(P) = c

for some constant c. By Equation 4, this implies that w2+2wx = c whereupon, solving for x yields

x =
c−w2

2w
.

In turn, this uniquely determines the line Γ, and the proof of Lemma 3.2.1 is complete.

Lemma 3.2.1 justifies a simplification of notation. Specifically, when the line Γ is clear from the
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context, the expression δ 2
L (P)−δ 2

R(P) will be written, simply, as δ 2
L −δ 2

R as its value is independent

of the choice of the point P on Γ.

We now state and prove an important consequence of Lemma 3.2.1 that will be used as a

building block of our binary classification of pedestrians: on the sidewalk or in the street. In order

to state our result, we find it convenient to inherit the notation of Lemma 3.2.1.

Theorem 3.2.2. Consider an arbitrary line Γ and assume a transmitter placed at an arbitrary

point P on Γ. Let RSS(L) and RSS(R) be, respectively, the Received Signal Strength received by

two transceivers placed at L and R. Then, regardless of the location of P on Γ, we have

1
RSS(L)

− 1
RSS(R)

= c(Γ) (5)

where c(Γ) is a constant that depends on Γ.

Proof. By Equation 2, the Received Signal Strengths RSS(L) and RSS(R) received by two transceivers

placed at L and R are, respectively,

RSS(L) =
T γ

δ 2
L

and RSS(R) =
T γ

δ 2
R
, (6)

where T is the power of the transmitted signal and γ is an environmental constant.

Now, Equations 3 and 6, combined allow us to write

1
RSS(L)

− 1
RSS(R)

=
δ 2

L
T γ

− δ 2
R

T γ

=
δ 2

L −δ 2
R

T γ

=
w2 +2wx

T γ
[by Equation 4]

= c(Γ), (7)

where the last step of the derivation follows because there is a one-to-one correspondence between

Γ and x.
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Discussion Assume a car parked parallel with the edge of the sidewalk. Theorem 3.2.2 establishes

a one-to-one correspondence between a subset of real numbers and the set of lines in the plane

parallel to the edge of the sidewalk. This is to say, to each line Γ in the plane parallel to the edge

of the sidewalk, there corresponds a unique real number c(Γ) and, conversely, to each real number

there corresponds exactly one line in the plane parallel to the edge of the sidewalk. One of these

lines is of a special interest: this is the edge of the sidewalk. As the next result shows, the resulting

constant, c0 acts as a discriminant between locations on the sidewalk and in the street.

Corollary 3.2.2.1. Let the line Γ0 coincide with the edge of sidewalk, assumed rectilinear. There

is a unique constant c0 such that the pedestrian (assumed to carry a transmitter) is on the sidewalk

or in the street depending on whether w2+2wx
T γ

> c0 or w2+2wx
T γ

< c0.

Proof. Let x0 be the distance between R and the edge of the sidewalk and write

c0 =
w2 +2wx0

T γ
(8)

Let Γ be a vertical line passing through an arbitrary point on the sidewalk and let x be the distance

between R and the intersection point of the line LR with Γ. Clearly, x > x0 and, consequently,

w2 +2wx
T γ

> c0.

Thus, for points on the sidewalk the expression w2+2wx
T γ

is larger than c0. The proof is similar for

points in the street.

The one-to-one correspondence discussed above is a very useful property because in order to

determine if a pedestrian is on the sidewalk, all we have to do is to evaluate the left-hand side of

Equation 5 and to compare the result to the value of c0 from Equation 8. This, in fact, is tantamount

to a coarse-grain binary localization of pedestrians: on the sidewalk, or else in the street.
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3.2.3 Pedestrian Localization

Pedestrians that are classified as in the street must be located more accurately, as we are about

to explain. Referring to Figure 5, consider a pedestrian P and let point Q be the projection of P

onto the line determined by L and R. We assume, without loss of generality, that Q lies between L

and R. We assume that the pedestrian crosses the street by walking in a straight line parallel to the

front of the parked car (i.e., perpendicular to the sidewalk). Let d be the length of the line segment

PQ (that is, the vertical distance between the location of the pedestrian and the line LR. Further,

let w be the width of the parked car, let x be the length of the line segment QR, let z be the distance

from R to the sidewalk, and write y = x+ z.

Figure 5. Illustrating the notation for the proof of Lemma 3.2.3.

Now, elementary geometry confirms that y has the following expression
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Lemma 3.2.3.

y =
w
2
+ z− T γ

2w

[
1

RSS(L)
− 1

RSS(R)

]
. (9)

Proof. By using the Pythagorean theorem in the triangles PQL and PRQ we can write:
δ 2

L = (w− x)2 +d2 and

δ 2
R = x2 +d2

and so:

δ
2
L −δ

2
R = (w− x)2 − x2 = w2 −2wx. (10)

From Equation 2, 
δ 2

L = T γ

RSS(L) and

δ 2
R = T γ

RSS(R)

by plugging these values into Equation 10, we obtain

T γ

RSS(L)
− T γ

RSS(R)
= w2 −2wx.

Solving for x yields

x =
w2

2w
− T γ

2w

[
1

RSS(L)
− 1

RSS(R)

]
=

w
2
− T γ

2w

[
1

RSS(L)
− 1

RSS(R)

] (11)

Finally,

y = x+ z

=
w
2
+ z− T γ

2w

[
1

RSS(L)
− 1

RSS(R)

]
.

(12)

as claimed.
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Now, referring again to Figure 5, it is clear that since the pedestrians are crossing the street in

a direction perpendicular to the sidewalk, in order to specify the location of a crossing pedestrian,

it suffices to specify the value of y, as above, along with the value of d, the vertical distance to the

front of the parked car.

In order to determine d, we compute the area of the triangle PLR in two different ways:

• First, evidently, Area(PLR) = w·d
2 ;

• Second, writing p = δL+δR+w
2 , the same area can be expressed as

Area(PLR) =
√

p(p−δR)(p−δL)(p−w)

Consequently,

w ·d
2

=
√

p(p−δR)(p−δL)(p−w),

which, upon solving for d, yields:

d =
2
w

√
p(p−δR)(p−δL)(p−w). (13)

3.3 ESTIMATING THE TIME TO CROSS

Recall that a crossing cohort is a group of pedestrians crossing together at the same location.

Instead of dealing with each member of the cohort individually, we only concern ourselves with

the tail of the cohort, defined as the last pedestrian in the cohort. It is clear that if the tail of the

cohort has crossed safely, then all pedestrians in the cohort have crossed safely, too. It is important

to note that ADOPT is privacy-aware as we are only interested in the location of the tail of the

cohort, and not in the actual person that happens to be the last in the cohort.
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We now define the tail of a crossing cohort more formally. Recall that the parameter y, defined

in Lemma 3.2.3 keeps track of the current distance of a crossing pedestrian to the sidewalk she just

departed. Formally, then, at each moment in time, the tail of the crossing cohort is the pedestrian

with

min{y| pedestrian classified as in the street}. (14)

Notice that the tail may change dynamically, either because new pedestrians joined the cohort,

a pedestrian turns back after starting crossing or, simply, because some folks in the cohort walk

faster than others. ADOPT updates the tail of the crossing cohort every second.

To manage the tail of a cohort, ADOPT needs to process signals from several pedestrians

simultaneously. To accomplish this, the transceivers in the parked car sample frequency f on

which the pedestrians’ shoes are transmitting signals, m times per second. Conceptually, this

means that each second is partitioned into m slots. Assume that each pedestrian takes one step per

second, and that each step generates one transmission. For all practical purposes, this transmission

occurs, randomly, in one of the m slots discussed above. Now, suppose that there are k, (k ≥ 1),

pedestrians in the crossing cohort. We have just set up a “balls-into-bins” model involving k balls

and m bins. If two or more pedestrians are transmitting in the same time slot, a collision occurs

and the outcome cannot be disambiguated.

We are interested to assess the expected number of “clear” transmissions, where one single

transmission occurs in a given time slot. For arbitrary i, (1 ≤ i ≤ k), let Xi be the indicator random

variable that takes on the value 1 if, in a given second, slot i sees a clear transmission and 0

otherwise. It is easy to see that

Pr[Xi = 1] =
(

1− 1
m

)k−1
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and that the expected number, E[M], of clear transmissions is

E[M] = E[X1 +X2 + · · ·+Xk]

= E[X1]+E[X2]+ · · ·+E[Xk] (15)

= Pr[X1]+Pr[X2]+ · · ·+Pr[Xk] (16)

= k
(

1− 1
m

)k−1

. (17)

As an illustration, if a given cohort were to contain k = 8 pedestrians, and assuming that

frequency f is sampled 50 times per second, we would expect to see E[M] = 8×
(
1− 1

50

)7
=

8× (49
50)

7 ≈ 6.9 clear transmissions each second.

With this in mind, consider the time ruled into seconds and assume that in second t, the tail of

the current crossing cohort was located at y(t) and its current speed, v(t), has been estimated. The

remaining time to cross at time t, ∆(t), can be estimated as

∆(t) =
W − y(t)

v(t)
, (18)

where W is the width of the street that the pedestrians are crossing1.

We need to show how these parameters are updated in the next second, t + 1. We begin by

identifying all clear transmissions in second t +1 and, using Equation 14, we obtain the location,

y(t +1), of the current tail. We distinguish between the following cases:

Case 1: y(t)< y(t +1).

Evidently, in this case, the new tail is closer to the opposite sidewalk. It follows that no new

pedestrian has joined the cohort in this second. In this case, it is natural to update the cohort
1We assume here the real-time ∆ is accurately estimated as long as the pedestrian’s signal is detected by the right-

front transceiver. If the signal is no longer detected and ∆ is greater than zero, the ∆ here is an estimation and could be

not accurate if the pedestrian stays in street longer than the determined ∆.
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parameters as follows:

• v(t +1) = y(t +1)− y(t) m/s;

• ∆(t +1) = W−y(t+1)
v(t+1) .

Case 2: y(t)> y(t +1).

In this case, it is clear that one or more pedestrians have joined the cohort and, consequently,

the new tail must be selected from among the pedestrians who have just joined the cohort. There

is a complication: we cannot update the speed of the tail, because the tail is new. Instead, we

assign to the new tail, tentatively, the average crossing speed. The cohort parameters are updated

as follows:

• v(t +1) = v0, where v0 is an estimate of the average pedestrian speed;

• ∆(t +1) = W−y(t+1)
v(t+1) .

3.4 SAFETY ZONE AND MESSAGE PROPAGATION

ADOPT involves two types of car-to-car messages, each with its own semantics:

• Alert messages: are sent by the parked car that detects a crossing cohort with the intention

of establishing a Safety Zone, as we are about to describe;

• Caution messages: are messages sent by the parked cars in the Safety Zone2 to alert ap-

proaching cars to the presence of crossing pedestrians.

2The safety zone here is assumed to be independent of the traffic light if exists. We are aware of the complications

of the interference of traffic lights with ADOPT, and we will investigate this interference in the future work.
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These to types of messages will be discussed in Sections 3.4.1 and 3.4.2, respectively.

3.4.1 Alert Messages

Referring to Figure 6, assume, without loss of generality, that car A detects a crossing cohort

at time t. Proceeding as discussed in Section 3.3, car A estimates the remaining time, ∆(t) (see

(18)), it takes the tail of the cohort to cross the street. Using this information, car A determines the

distance, D(t), the alert messages will have to be propagated along the chain as follows:

D(t) = [∆(t)+ r] · vmax, (19)

where r is the driver reaction time, estimated to be between 1.24 seconds and 2 seconds [38]. If

self-driving cars are considered, then r is set to zero, since the driver reaction time is a human

factor and does not affect self-driving cars. Finally, car A propagates the alert message containing:

its own location, x(A), on the digital map, the current time, t, and the Distance-to-Live D(t) of the

alert message in meters.

Referring to Figure 6 again, the area of length D(t), defined in Equation 19, starting at car A and

running down the chain of parked cars is called the Safety Zone associated with the crossing cohort

detected by car A. Each parked car in the chain of parked cars, upon receiving the alert message

originated by car A, compares its own location with that of A and determines if the distance from

A is smaller than or equal to D(t). If so, it marks itself as being in the Safety Zone and propagates

the alert message further along the chain. In the case that the distance between two consecutive

cars is large, the low-power communication cannot be used to deliver the alert message. Instead,

DSRC is assumed to deliver it to the next parked car.

As an illustration, in Figure 6, assume that car C has just received the alert message from
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the previous car in the chain. Let x(A) and x(C) be the x-coordinates of A and C, respectively.

If |x(A)− x(C)| ≤ D(t) then C remembers that it belongs to the Safety Zone and propagates the

message further down the chain. Continuing in this way, the alert message will reach, eventually,

car B. When car B receives the alert message, it finds that |x(A)− x(B)|> D(t), and so it discards

the message. As illustrated in Figure 6, car B is not in the Safety Zone.

Figure 6. Parked cars in the Safety Zone propagate alert messages within the estimated

propagation distance to alert approaching cars.

3.4.2 Caution Messages

Each parked car inside the Safety Zone is tasked with broadcasting a “Caution – pedestrians in

the street” (Caution, for short) message to approaching cars. This broadcast must be done at low

power, as illustrated in Figure 6, using BLE or Zigbee, as passing cars are a short distance away

from parked cars. The Caution message contains:

• the location x(A)+d of the crossing cohort, where d was computed in (13);
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• the time, t +∆(t), at which the cohort is expected to have crossed the street.

• the direction of the alert message indicated by one bit. By convention, if the alert message is

intended for cars moving northbound, the direction bit will be set.

In the unlikely event where many cars in the chain of parked cars depart, leaving big gaps in

the chain, as shown in Figure 7, the last car in the chain uses its DSRC transmitter to broadcast the

Caution message to inform approaching cars of the location of the crossing cohort. As an illustrated

in Figure 7, car C with |x(A)− x(C)| < D(t) does not detect any car behind it. Hence, car C will

use its DSRC transmitter to broadcast the "Caution" message at a distance of D(t)− x(C), where

x(C) is the location of C.

Figure 7. The last car in the chain delivers the caution message to the approaching car via DSRC

if the chain length is less than D(t).

In the next second, t + 1, a new estimate D(t + 1) is made as discussed in Section 3.3. If

D(t +1)> D(t) then an updated alert message is sent with Distance-to-Live D(t +1). Otherwise,

no action is needed.
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3.5 HOW APPROACHING CARS DETERMINE A SAFE SPEED

The main goal of this section is to show how approaching cars, alerted to the presence of cross-

ing cohorts, adjust their speed in such a way that they avoid colliding with the crossing pedestrians.

Our approach is novel and is based of a new way of looking at the time-space diagram (see

Section 1.3.9 for a refresher).

(e1,0) (e2,0) time

(0,L2)

(0,L1)

(0,C)

(s1,0) (s2,0)

(e1,L1)

sp
ac
e

(0,C’) (s2,C’)

(e2,L2)

Figure 8. Illustrating the computation of the safe average speed in the case of two crossing

cohorts.

Referring to Figure 8, consider a car moving North-bound along a street. At time s1, the car

is inside the Safety Zone, and receives a “Caution – pedestrians in the street” message alerting it
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to a crossing cohort at location (0,L1). Upon receiving an alert message, the car will compare the

direction bit with its actual direction of movement. If the car is moving South-bound, it will ignore

the alert message. Assume that the location of the car at time s1 is (s1,C) and that the cohort will

finish crossing the street at time e1.

Proceeding as indicated in Appendix A, the approaching car computes the maximum safe

speed:

vsa f e = min
{

vmax,
L1−C
e1− s1

}
, (20)

where vmax is the speed limit along the street.

Traveling at this safe speed North-bound, the approaching car receives, at time s2, a second

“Caution – pedestrians in the street” message alerting it to the presence of a second crossing cohort.

This cohort crosses the street at location (0,L2) and will finish crossing at time e2. How should

the car change its speed to avoid an accident?

In order to answer this question, the first task is to determine the location, (s2,C′) of the car at

time s2. This can be done by noting that vsa f e in Equation 20 can we written as

L1−C
e1− s1

=
C′−C
s2− s1

.

Solving for C′ yields:

C′ =C+
(L1−C)(s2− s1)

e1− s1
.

With C′ firmly in hand, the car updates the current safe speed vsa f e in (20) as follows:

vsa f e = min
{

vsa f e,
L2−C′

e2− s2

}
= min

{
vmax,

L1−C
e1− s1

,
L2−C′

e2− s2

}
. (21)
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The justification of (21) is simple. The car needs to select the largest average safe speed and

this is the smallest of the slopes of the lines segments determined by the points (s2,C′) and (e1,L1)

on the one hand, and the points (s2,C′) and (e2,L2) on the other.

At time e1, the car realizes that the first cohort has finished crossing the street and will adjust

its speed again:

vsa f e = min
{

vmax,
L2−C′

e2− s2

}
. (22)

In Figure 8,

min
{

vmax,
L1−C
e1− s1

,
L2−C′

e2− s2

}
= min

{
vmax,

L2−C′

e2− s2

}
and, consequently, the car continues driving at the same speed.

Next, at time e2, the car realizes that the second cohort has finished crossing and so it will

adjust its speed again:

vsa f e = min{vmax}= vmax, (23)

essentially, reverting to the maximum allowed speed.

The same procedure is then continued, exactly as described, should other “Caution – pedestri-

ans in the street” be received by the car in the future.

3.6 SIMULATION

In this section, we describe how ADOPT simulation model is developed and how we evaluated

ADOPT performance.

3.6.1 Simulation Model
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We validated the theoretical findings of ADOPT by testing them on simulated traffic data. For

this purpose, we used Simulation of Urban MObility (SUMO) [46] to generate pedestrian and car

traffic data for the ADOPT simulation model illustrated in Figure 9.

Figure 9. An instance of the ADOPT simulation model.

Our simulation model consists of a one-way street with a road-side parking lane on the right

side of the street and sidewalks on both sides. Approaching cars enter at the end of the street and

exit from the opposite end.

SUMO is also known as a microscopic simulation for pedestrian mobility. In our simulation

model, the pedestrians are not restricted to crossing at intersections but, indeed, they may cross

midblock a prevalent behavior Tezcan, Elmorssy, and Aksoy [87]. In SUMO, pedestrian are set by

default to slowdown their speed before crossing to make sure the street is clear and stop if there

passing cars. We enforced pedestrians to ignore the approaching cars. Hence, they do not stop or

hesitate before crossing the street. By this setting, we collect more data when the car approaches

while a pedestrian start crossing the street. Moreover, SUMO has implemented a collision avoid-

ance model to force vehicles to reduce their speed if there are crossing pedestrians. We disabled
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this mode before we generated the vehicular traffic to measure the effect of receiving the caution

message correctly. For the reader’s convenience, we summarize the simulation parameters in Table

3. Although the main goal of this simulation is to proof the concept of protecting pedestrians by

parked cars, we tried to generate data that is close to real-world crossing data based on statistics of

number of crossing pedestrian and crossing speed that has been collected by [20], [87].

Table 3. A summary of simulation parameters

Parameter Value

RF Signal Frequency f 2.4 GHz

Transmission Power T 2 mW

Detection Range 4 meters

Street Width W 12.8 m

Distance From R Transceiver to the Sidewalk z 0.4 m

Number of Detected Pedestrians/sec [µ,σ ] [1.8,1.4]

Pedestrians Speeds [µ,σ ] [1.15, 0.13] m/sec

Average Speed v0 1.2 m/sec

Number of Crossing Pedestrians/sec [µ,σ ] [0.11, 0.32]

Street Speed Limit vmax 15 m/sec

Simulation Step Length 1 sec

Simulation Duration 3600 sec (1 hour)
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We modeled pedestrians’ radio signals using Equation 2 by setting a constant transmission

power equals to 2 mW transmitted from their actual locations. We then obtained the actual Eu-

clidean distances δRx between the pedestrian locations and the four transceivers located at the four

corners of cars. We assumed that the pedestrian is detected by a transceiver if the distance between

the transceiver and the pedestrian is less than or equal 3 meters.

For the communication between parked cars and approaching cars, we assume the cars are

communicating using low-power communication modules such as BLE which has been proven to

provide a reliable V2V communication [12]. Based on that, when the car enters the Safety Zone,

we assume that it receives the "caution message" from the closest parked car.

The data we collected from SUMO are as follows: street and sidewalk dimensions, pedestrians’

locations, pedestrians’ speeds, parked cars’ locations and dimensions, and approaching cars’ speed

and location at each time step. Data collected from SUMO is our ground truth, i.e., “actual”,

information about pedestrians and cars traffic.

3.6.2 Modeling RSS Noise

In real-life situations, RSS measurements experience random fluctuations due to hardware-

based parameters such as thermal noise, or due to the natural behavior of the signal as it is reflected

by the ground [79]. Being close to the ground, we assume that there are no obstacles between the

pedestrians’ shoes and the transceivers.

We modeled the uncertainty in the RSS produced by receiving either more or less power than

the original RSS as a Gaussian random variable Φσ with zero mean and a standard deviation σ as

follows:

RSS′(Rx) = RSS(Rx)+Φσ
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where RSS′ is the noisy received signal strength at a generic transceiver Rx. We set σ to 0.3 mW

since we only consider short transmission ranges and near-the-ground communication. The added

noise affects the distance we estimate based on the RSS. We measured the impact of noise by

calculating the absolute error ξ of the estimated distance at each transceiver RSS(R) and RSS(L)

where ξδR = |δ̂R−δR| and ξδL = |δ̂L−δL|. Figure 10 shows the distribution of the absolute errors in

distance estimated from RSS′(R) and RSS′(L) plotted against the actual distances δ̂R in (a) and δ̂L

in (b) obtained from SUMO. Note that the errors shown are observed at every 0.2-meters window.

Results showed that the added noise causes minor distance estimation errors in ranges near the

transceivers, but the errors increase as the pedestrians move away from the transceivers.

As the noise affects the RSS at both transceivers, it also affects the result of Equation7. Con-

sequently, the noise impacts the one-to-one mapping, discussed in Section 3.2, between the set of

lines parallel to the edge of the sidewalk and the c(Γ) values as each line will have many c(Γ)

values. To determine the range of inaccuracy in c(Γ), we defined a 0.2-meters window of the

horizontal position before and after the sidewalk and aggregated the calculated noisy c(Γ) from

RSS′(L) and RSS′(R) at each window as we show in Figure 11A. To compare the noisy c(Γ) with

the noise-free c(Γ), we show in the same figure the noise-free c(Γ). The results showed that the

noise impacts the c(Γ) if pedestrians are far from the main axis of the car (i.e. middle of the LR

line segment), while it has a lower impact near the LR midpoint the pedestrians are close to both

transceivers and c(Γ) is almost zero. This affected also the classification based on the threshold c0.

Referring to Figure 11B, all c(Γ) values of pedestrians walking on sidewalk are greater than c0.

Similarly, all c(Γ) values of pedestrians who are in the street are less than c0. The variation of c(Γ)

values shows that even though pedestrian location varies inside the sidewalk, they are identified to

be inside the sidewalk as long as their c(Γ) is greater than c0. This also proves that even though



55

A

B

Figure 10. Absolute error of estimated distances (A) δR. (B) δL.

the pedestrian may not walk in straight lines, she will be classified correctly. On the other hand,

with the noisy c(Γ), several c(Γ) values of pedestrians walking on the sidewalk are less than c0,

and several c(Γ) values of pedestrians walking in the street are greater than c0.
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B

Figure 11. Effect of noise on c(Γ) (A) The noise produces multiple c(Γ) values for the same

parallel line to the sidewalk while the actual c(Γ) is unique for each line. (B) Distribution of c(Γ)

of pedestrians’ signals per pedestrian’s class (on the sidewalk and in the street).
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3.7 EVALUATION

3.7.1 Evaluation Scenarios

We evaluated the performance of ADOPT in two scenarios:

• Scenario 1 – Noise-free mode: in which we performed pedestrian classification and cross-

ing time estimation using the actual data generated by SUMO;

• Scenario 2 – Noisy mode: in which we performed pedestrian classification and crossing

time estimation using noisy RSS to have a more realistic evaluation.

In the evaluation we assume that all pedestrians who transmit RF signals are detected by the parked

car transceivers.

3.7.2 Overall Evaluation

We demonstrate the performance of ADOPT in both scenarios above. The overall performance

of the pedestrian classification is shown in Table 4 and Table 5 for noise-free mode and noisy mode

respectively. These statistics are for detecting pedestrians by two enabled cars in the simulation.

We evaluated the accuracy of the pedestrian classification as on the sidewalk or in the street by

using the following formula:

accuracy =
T P+T N

T P+T N +FP+FN
×100 (24)

where

• TP (True Positive) is the total number of pedestrians that were correctly identified to be in

the street;
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• TN (True Negative) is the total number of pedestrians that were correctly identified to be on

the sidewalk;

• FP (False Positive) is the total number of pedestrians incorrectly classified as in the street;

and,

• FN (False Negative) is the total number of pedestrians incorrectly identified as on the side-

walk.

We obtained the ground truth of pedestrians classes directly from SUMO generated data. The

accuracy of pedestrian classification in noise-free mode was 100% accuracy, while the accuracy

dropped to 93.25% in noisy mode.

Table 4. Overall Accuracy of Pedestrian Classification (Noise-Free Mode)

Predicted Class (noise-free mode)

Actual Class in street (positive) on sidewalk (negative)

in street (positive) 340 (TP) 0 (FN)

on sidewalk (negative) 0 (FP) 1216 (TN)

Accuracy 100%

The other metrics we use to empirically evaluate the performance of ADOPT are: the accuracy

of pedestrian localization, the accuracy of crossing time estimation, the accuracy of the remaining
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Table 5. Overall Accuracy of Pedestrian Classification (Noisy Mode)

Predicted Class (noisy mode)

Actual Class in street (positive) on sidewalk (negative)

in street (positive) 316 (TP) 24 (FN)

on sidewalk (negative) 81 (FP) 1135 (TN)

Accuracy 93.25%

crossing time, as well as the accuracy of the Safety Zone size. We use Root Mean Squared Error

(RMSE) to measure the accuracy of these estimations. To measure the overall accuracy of pedes-

trian localization, we evaluated Ed and Ey, where Ed is the RMSE of the location of pedestrians in

front of the parked car (the vertical distance of the pedestrian) and Ey is the RMSE for estimating

the distance of the pedestrian from the edge of the sidewalk (the horizontal distance of crossing

pedestrians). We evaluated Ed as follows:

Ed =

√
ΣM

j=1(d̂ j −d j)2

M
(25)

where M is the total number of received signals and d̂ j and d j are, respectively, the actual and

estimated vertical distances of the received signal. Similarly, we evaluated Ey as follows:

Ey =

√
Σ

Ms
j=1(ŷ j − y j)2

Ms
(26)

where Ms is the total number of received signals that are actually detected in the street. ŷ j and y j

are the actual and estimated horizontal distances. Recall that y is only calculated when a pedestrian
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is classified as in the street. ADOPT estimation errors Ed and Ey were 0 meter in noise-free mode,

and less than 0.3 meters in noisy mode as we show in Table 6.

We used RMSE to measure the overall accuracy of estimating the pedestrian’s speed v as fol-

lows:

Ev =

√
ΣN

i=1(v̂i − vi)2

N
(27)

where N is the total number of pedestrians generated in the simulation, and v̂i and vi are, respec-

tively, the actual and the estimated speed of each pedestrian who was actually in the street. We

chose to average the speed of each pedestrian individually because one pedestrian may vary her

speed in SUMO. The results shows that ADOPT RMSE in crossing speed estimation Ev was less

than 1 meter/sec in noise-free mode while it has higher error in noisy mode. We used the same

RMSE formula to measure the accuracy of the remaining crossing time:

E∆ =

√
ΣN

i=1(∆̂i −∆i)2

N
(28)

where ∆̂i and ∆i are, respectively, the actual and estimated remaining time to cross for each pedes-

trian. The results shows that ADOPT RMSE in crossing time estimation E∆ was less than 1 sec in

noise-free mode while it has higher error in noisy mode.

The RMSE of estimating the Safety Zone size, which is determined by the propagation distance

D(t), for each pedestrian is calculated as follows:

ED =

√
ΣN

i=1(D̂i −Di)2

N
(29)

where D̂i and Di are, respectively, the actual and estimated propagation distances. D̂i is calculated

based on the actual remaining time to cross ∆̂i.

We show the overall result of the RMSE in Table 6. We notice here that the RMSE of ADOPT



61

Table 6. Overall RMSE of ADOPT Estimations

RMSE noise-free mode noisy mode

Ey 0.00 m 0.26 m

Ed 0.00 m 0.24 m

Ev 0.05 m/sec 0.11 m/sec

E∆ 0.51 sec 1.21 sec

ED 12.79 m 42.23 m

estimations in noise-free mode is low. However, in noisy mode the RMSE increases for all estima-

tions. The details of the evaluation will be explained later in this section.

Next, we present the details of ADOPT evaluation and the results. Specifically, in Section 3.7.3

we discuss the accuracy of pedestrian classification; in Section 3.7.4 we discuss the accuracy of

pedestrian localization, once they are in the street; the accuracy of pedestrian street traversal speed

is discussed in Section 3.7.5; the accuracy of the remaining crossing time is discussed in Section

3.7.6; the accuracy of establishing the Safety Zone is discussed in Section 3.7.7. Finally, Section

3.7.8 offers an end-to-end evaluation of ADOPT. Furthermore, Section 3.7.9 shows the perfor-

mance of the system under simultaneous transmission of pedestrian signals. Lastly, we measured

the time performance of ADOPT computations in Section 3.7.10.

3.7.3 Accuracy of Pedestrian Classification

To investigate the impact of noise on the classification performance in noisy mode, in Figure 12
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we plot the classification accuracy against the horizontal location (i.e the position of lines that are

parallel to the edge of the sidewalk) of the transmitted signal from the edge of the sidewalk that

is indicated with value 0. Locations with negative values are in the street while locations with

positive values are on the sidewalk. We noticed that the classification accuracy only drops when

the transmitted signal is within few decimeters away from the edge of the sidewalk (i.e. location

0).

Figure 12. Aggregated classification accuracy at horizontal locations before and after the edge of

the sidewalk.

To better understand why the accuracy drops around the horizontal location 0, we investigated

the accuracy metrics TP, FP, TN, FN, defined above in more detail. Referring to Figure 13, the

accuracy drops when we have FP and FN due to noisy c(Γ) (denoted by c(Γ)′). We noticed that

FP classification occurs if c(Γ) is less than c0 and, at the same time, c(Γ)′ is greater than c0. This
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means we have FPs if the noise generates c(Γ) above the threshold c0 while the actual c(Γ) is lower

than the threshold. Similarly, FN classifications occur if c(Γ) is greater than c0 and, at the same

time, c(Γ)′ is less than c0. This means we have FN if the noise generated c(Γ)′ below the threshold

c0 while the actual c(Γ) is above the threshold. From the figure, we can see that this happens only

in a limited area around c0.

Figure 13. Detailed classification accuracy based on c(Γ) and c(Γ)′

To translate this to spatial data, in Figure 14 we plotted c(Γ)′ corresponding to the horizontal

location of the transmitted signal. Obviously, high FN puts pedestrians at the risk as they enter

the street and ADOPT does not alert the approaching cars. On the other hand, high FP results in

flooding the approaching vehicles with incorrect alert messages while the pedestrians are on the

sidewalk. To assess where ADOPT has miss-classification, we define our metric False Positive Per
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Location FPPL and False Negative Per Location FNPL where FPPL is the percentage of FP per

horizontal location aggregated at each 0.2 meters, and FNPL is the percentage of FN per horizontal

location aggregated at each 0.2 meters as well.

Figure 14. Detailed classification accuracy at horizontal locations before and after the edge of the

sidewalk.

Figure 15 shows that FNPL is high only at locations situated a few decimeters away from the

edge of the sidewalk. Moreover, ADOPT has higher FPPL a few decimeters away from the edge

of the sidewalk. In conclusion, the ADOPT pedestrian classification scheme is able to classify

pedestrians accurately even in the presence of noisy signals. Figure 16 shows the effectiveness of

ADOPT in classifying pedestrians near the car in noisy mode by reporting the effect of simultane-

ous transmission by pedestrians on the classification accuracy.
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Figure 15. FPPL and FNPL are high only within 1 meter before and after the edge of the

sidewalk with noisy signals.

3.7.4 Accuracy of Pedestrian Localization

To show the result in detail, we determined a 0.2-meters window of d̂. Figure 17A shows

that the aggregated absolute error ξd = |d̂ −d| is zero in noise-free mode and does not exceed 1.5

meters in noisy mode.

Similarly, we determined a 0.2-meters window of ŷ to observe the absolute error at each win-

dow. The absolute error of y is ξy = |ŷ−y|. Figure 17B shows that the estimation of y in noise-free

mode is accurate since we have zero aggregated error. However, the aggregated error increases in

noisy mode. The errors are lower as pedestrians start crossing the street because they are closer

to the main axis of the car (i.e. around y = 1.3) and the noise is low in this area as we showed

previously in Figure 11A.
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3.7.5 Accuracy of Crossing Speed Estimation

Figure 18A shows the Empirical Distribution Cumulative Function (ECDF) of the actual speeds,

that are retrieved from SUMO, and the speeds that we estimate in noise-free and lastly, the speed

estimate in noisy mode. The results showed that the noise affects the speed estimation as we can

see from the difference between the actual and noisy estimates in the figure. In addition, we no-

ticed that the difference between the actual and noise-free estimates is due to the change of the

crossing cohort size, and this happens only when a new pedestrian joins the cohort. We show in

Figure 18B the ECDF after removing the samples where a new pedestrian joins the cohort. As it

can be seen in the figure, the difference between the estimated speed and the actual speed is lower

when the cohort size is fixed.
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B

Figure 18. Distribution of localization error against the actual location (A) Dynamic Cohort Size

(B) Fixed Cohort Size
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3.7.6 Accuracy of the Remaining Time to Cross

Figure 19A shows the ECDF of the average crossing time for each pedestrian in the street.

We calculated the actual remaining crossing time based on the actual speed that is retrieved from

SUMO. As the noise affects the speed, it also affects the remaining crossing time as we show in the

figure. We noticed also that the difference between the actual and noise-free estimation is due to

the change of the crossing cohort size, and this happens only the first time a new signal is detected

in the crossing cohort. We show in Figure 19B the ECDF after removing the samples where a new

pedestrian joins the cohort. As can be seen in the figure, the difference between noise-free estimate

and the actual time to cross is lower.
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Figure 19. ECDF of remaining crossing time. (A) Dynamic Cohort Size (B) Fixed Cohort Size
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3.7.7 Accuracy of Safety Zone Size

Figure 20 shows the ECDF for the propagation distance estimation averaged for each pedestrian

in the dynamic and fixed cohort sizes. We noticed that the difference between the actual and noise-

free estimate is less in the fixed cohort size. The difference between them increases based on the

error of ∆ estimation.

To justify the difference between the actual and estimated propagation distance, we measured

the relative error of estimating ∆ and D in noise-free mode for fixed size cohort compared to their

actual values where the relative error = actual value− estimated value.
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Figure 20. ECDF of propagation distance. (A) Dynamic Cohort Size (B) Fixed Cohort Size
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The results showed that there is a high correlation between the relative error of estimating ∆

and D as we show in Figure 21. The figure also shows that the majority of ∆ errors are less than

3 seconds and cause about additional 40 meters of D. We see a high error in D since each ±1

second of error in ∆ is multiplied by the car’s speed and the added r, so this second produces about

±15 meters of D error. If the error is positive then ADOPT estimates a larger safety zone and the

pedestrian is safe. Indeed, the risk may increase if the estimation is less than needed.
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In conclusion, the accuracy of the ADOPT classification depends on the amount of RSS noise

that affects the c(Γ) values near the edge of the sidewalk. For localization, the accuracy of ADOPT

depends on the RSS noise and the distance of the pedestrian from the transceiver receiving the

strongest signals. ADOPT accuracy in estimating the speed, remaining crossing time and Safety

Zone size depends on the noise and changes in cohort size.

3.7.8 Evaluation of Occluded Pedestrian Protection

To evaluate the performance of ADOPT as an end-to-end system to protect occluded crossing

pedestrians, we calculated the speed of the approaching car upon reaching the pedestrian cross-

ing area. We assumed that the driver or the autonomous vehicle react to the "Caution" message

promptly upon receiving it from the ADOPT app running in the car.

Referring to Figure 22, the approaching cars generated in SUMO adopt the new speed vsa f e

upon receiving the "Caution" messages as they approach the crossing pedestrians. We observed

and aggregated the speeds at every 13-meters of car-to-pedestrians distances. As it can be seen also

in the figure, the cars start maintaining their safe speeds gradually while they are approaching the

crossing pedestrians which allows a smooth speed reduction without the need for a sudden stop.

To compare the speed reduction caused by ADOPT with the speed of cars without ADOPT, we

plotted their cruising speeds vcruising from SUMO in the same figure. We called it vcruising since

SUMO cars do not maintain a fixed speed while moving, and also each car has its own speed

random distribution with a determined maximum speed equal to the street’s speed limit vmax.
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In the following, we show some examples from the simulation of approaching cars receiving the

ADOPT "Caution" message and changing their speed accordingly. In Figure 23A, the approaching

car with speed vmax receives a “Caution” message at location C and time s1 for a pedestrian crossing

at location L1. The car reduces its speed to vsa f e as a response to the alert message. We noticed

that the car may intersect slightly before (L1,e1) due to the error in estimating d and the crossing

time ∆. In another example Figure 23B, the car receives another "Caution" message at location C′

as a new pedestrian joins the cohort from the same location of L, and finishes crossing at e2 > e1.

In this case, the car finds that the new speed (denoted by vsa f e′) is lower than vsa f e, so it adopts the

new speed vsa f e′ to avoid the collision. The expected reaction of the approaching car is to reduce

its speed because the crossing time now becomes longer as a new pedestrian joins the cohort.

In a more complex example, cars report pedestrians at different locations L1 and L2 as in

Figure 23C. When the car receives a new “Caution” message at time s2 and location C′, it calculates

the new speed and finds that it is less than its current speed because L2 is closer than L1. Thus,

it adopts the new speed vsa f e′ until the pedestrian finishes crossing. In conclusion, approaching

cars were able to maintain low speeds to avoid collision with the occluded crossing pedestrian

accurately and in a timely manner based on the “Caution” messages received from ADOPT. This

shows that ADOPT works end-to-end to effectively protect crossing pedestrians.
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A

B

C

Figure 23. Moving vehicle reduces its speed upon receiving "Caution" message from ADOPT in

many cases. (A) One pedestrian crossing the street. (B) Multiple pedestrians crossing the street at

the same location. (C) Multiple pedestrians are crossing the street at different locations.
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3.7.9 The Effect of Number of Transmitting Pedestrians on the Detection Rate

Although we assumed that the detection rate is 100%, that is all the transmitting pedestrians

are detected at each second based on the sampling rate of the transceivers, we assessed the ability

of the transceiver to detect all the transmitting pedestrians at each second when the sampling rate

is 50 sample per second. Figure 24 shows that the transceiver may miss 0 pedestrians transmitting

at the same second until there are more than 7 pedestrians, then the missing rate increases. These

calculation are based on the estimated number of clear transmissions in Equation 15.

Figure 24. The expected number of missing pedestrians versus the number of transmitting

pedestrians around the transceiver if sampling rate is 50 Hz.
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In addition, we have investigated the various sampling rates that can accommodate 100 pedes-

trians who send signals at the same time. The sampling rate is adjustable feature in the transceiver

and can be determined by the data rate of the transceiver. In Figure 25 shows the possible number

pedestrians that can be detected each second if they transmit signals at the same time using differ-

ent values of sampling rates.

Figure 25. The expected number of detected pedestrians versus several sampling rates if there are

100 pedestrians transmitting at the same second.
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3.7.10 The Time Performance of ADOPT Calculations

To estimate the processing time on a low-specification microcontroller, we measured the pro-

cessing time of the process that we perform in ADOPT simulation in the parked car side on de-

vice A (Intel Core i7-155U PC). Then, we calculated the ratio between device A and device B

(TMS320F280039C Microcontroller) from Texas Instruments [85]. After that, we calculated the

ratio between device A specifications and device B specifications, then multiplied the ratio by the

processing time from device A. Table 7 summarizes the specifications of both devices.

Table 7. Specifications and calculated ratios for Device A and Device B

Specification Device A (Intel

Core i7-155U PC)

Device B

(TMS320F280039C

Microcontroller)

Calculated

Ratio

CPU Speed 1.7 GHz 0.120 GHz (120 MHz) 14.17

Number of Cores 10 1 10

RAM Speed 3200 MHz 100 MHz 32

RAM Size 16 GB 0.384 GB 41.67

Figure 26 illustrates the average processing time for different calculation processes in ADOPT.

The processes include calculating δRX , y, d, v, ∆, and D with the classification computation. "Total"

bar represents the overall average processing time for all calculation tasks combined. These results

show the approximated processing time for ADOPT which is expected to be very low.
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Figure 26. The average processing time for different ADOPT calculations and the total of

combined processes.

3.8 CONCLUDING REMARKS

The common philosophy of all pedestrian detection approaches that we are aware of is that

this task should be undertaken by the moving cars themselves. In a sharp departure from this

philosophy, we proposed to employ cars parked along the sidewalk to detect and protect crossing

pedestrians.

In support of this goal, we have proposed ADOPT: a system for Alerting Drivers to Occluded

Pedestrian Traffic. ADOPT lays the theoretical foundations of a system that uses the on-board

resources of parked cars to:

• Detect the presence of a group of crossing pedestrians – a crossing cohort;

• Predict the time the last member of the cohort takes to cross the street;
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• Send alert messages to those approaching cars that may reach the crossing area while pedes-

trians are still in the street;

• Show how approaching cars can adjust their speed to avoid crashing into crossing pedestri-

ans.

Importantly, in ADOPT communications occur over very short distances and at very low power.

Our extensive simulations using SUMO-generated pedestrian and car traffic have shown the effec-

tiveness of ADOPT in detecting and protecting crossing pedestrians.

In spite of this, there are a number of topics that need more work:

• First, it is important to consider cars that are not parked parallel to the sidewalk, e.g., cars

that are parked at an angle;

• Second, we will investigate the problem of information overload. The problem arises when

the (human) driver of an approaching car is alerted to the presence of various crossing co-

horts. We are planning to design an app that minimized the information overload and, con-

sequently, driver distraction;

• Third, it is of interest to optimize the process of disseminating alert messages as a function of

the residual crossing time. In the current work “All clear” messages informing approaching

cars that the cohort has finished crossing are not used. Incorporating them into ADOPT is

targeted for future work;

• Fourth, it is important to investigate the additional fuel consumption, if any, attributable to

ADOPT. We conjecture that ADOPT does not result in increased fuel consumption. Along
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the same line of thought, it is important to investigate the effect of ADOPT on pollution and

gas emissions;

• Fifth, in this dissertation, we have assumed that the sidewalk is modeled by a straight line.

However, in many cases, the geometry of the street is vastly different, with curvilinear side-

walks prevailing. Naturally, this general geometry of the sidewalk presents more opportu-

nities for occluded pedestrian traffic. It is important to extend ADOPT to handle gracefully

this general scenario;

• Last, but certainly not least, security and privacy are very important and are getting active

attention as discussed in the next section.

3.8.1 Security and Privacy in ADOPT

ADOPT involves two types of wireless communications: V2P and V2V. In the following, we

discuss the security aspects of our communication types.

• Pedestrian-to-parked vehicle communications: In the pedestrian detection and localization

process, the system reads transmitted signals and makes decisions based solely on the signal

strength and not on the identity of the pedestrians. These decisions are based on anony-

mous received signal strengths that do not require unique identifiers. Also, ADOPT detects

and localizes pedestrians in short-range communications that do not require transmitting the

pedestrians’ private data. With the proposed mechanism of pedestrian localization, ADOPT

preserves pedestrians’ privacy and security. In spite of this, we may consider a potential

attack that may be mounted against ADOPT such as a Denial of Service (DoS) attack. In

this attack, a group of pedestrians may stomp their feet on the ground to activate the system.
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Our approach to pedestrian classification can distinguish if the signal is coming from the

sidewalk or the street. If this group of people is generating signals from the street, they are

at risk and the system should notify approaching cars regardless of their intent.

• Parked vehicle to approaching vehicle communication: This type of communication involves

known security threats in V2V communications [8]. However, the short-range communica-

tion used in our system should allow the use of frequency hopping [56] to prevent attackers

from sniffing or injecting fake information into V2V network. Moreover, short-range V2V

communications have their security advantages [68] that are not present in long-range V2V

communications. It is of great interest to develop security primitives that leverage the type

of short-rage communications that are used throughout the system [84].
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CHAPTER 4

EVALUATING THE ENERGY DEMAND MODEL FOR ESTIMATING FUEL

CONSUMPTION AND CO2 EMISSIONS

In this chapter, we aim to answer the second research question RQ2: Can we accurately es-

timate the instantaneous fuel consumption and CO2emissions using the energy demand model?.

Evaluating the energy demand model using publicly available data will enable us to apply it di-

rectly to our user-defined driving cycles, as we will show in Chapter 5.

In this chapter, we first evaluate the fuel consumption and CO2 emission estimates produced

by the energy demand model and to compare them to official measurements published by the EPA.

Moreover, we demonstrate the ability of the energy demand model to be generalized to various

driving cycles, including user-defined driving cycles and a variety of car models.

We describe our methodology in Section 4.1. Our results and sensitivity analysis are presented

in Section 4.2. Finally, Section 4.3 offers concluding remarks and outlines directions for future

research.

4.1 METHODOLOGY

The main goal of this section is to discuss, in some detail, the methodology followed for con-

ducting this study.

4.1.1 Instantaneous Energy Demand Model

The energy demand model is a physics-based model that estimates the energy required to move
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a car from point to point through a driving cycle. It takes as input the speed profile and the car

specifications that affect the tractive force. The complexity of the energy demand model might

vary depending on the number of input parameters. The selection of the energy-demand model

depends on the availability of data to input into the model. In this work, the simple version of the

energy demand model that was used by Jones [35] is used to estimate the instantaneous energy

demand.

In the i-th second of the driving cycle, the instantaneous energy demand Ei (in Joules) can be

estimated based on the car’s dynamics as follows:

Ei =


m ai vi + f0 vi + f2 v3

i , for a ≥ 0

0, for a < 0

(30)

where m is the mass of the car in kilograms kg, ai is the average acceleration of the car in the i-th

second (in m/sec2), and vi is the current speed in m/sec. The model also uses f0, and f2 that are

the rolling resistance and the aerodynamic drag, respectively. These parameters play important

role in the car movement. These terms represent the forces that the car needs to overcome while

moving [26].

In accordance with other workers in [13], [26], [35] it is assumed that the energy demand dur-

ing deceleration is zero since the engine does not provide power to the wheels while decelerating

(i.e., negative acceleration). Similarly, the energy demand during idling (i.e., when speed is zero)

is assumed to be zero as the car shuts down the engine if it stops for more than a few seconds, fol-

lowing the stop-start mechanism [31]. It is also assumed that this model is applied to conventional

vehicles, where the energy used to overcome the inertia of the vehicle while braking is lost as heat

due to friction.
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It follows that the total instantaneous energy demand, Einst , of the car in the interval [0,T ] is

calculated as:

Einst =
T

∑
i=0

Ei (31)

where T is the total number of seconds in the driving cycle of interest.

4.1.2 Estimating Fuel Consumption

The energy demand resulting from the calculations of Equation 30 can be used to obtain the

amount of fuel expended to satisfy that demand. However, this equation only estimates the energy

demand to overcome the road load and the mass forces (also called Energy to the Wheels) while a

large amount of fuel is expended on the working of the internal parts of the car (i.e., the powertrain).

The fuel energy expended can be calculated knowing η , which is the efficiency of the pow-

ertrain to convert the fuel into mechanical energy to move the car. Once η is obtained, the fuel

consumption can be estimated theoretically by the following formula that we adopt from Thomas

[88]:

EFuel =
Einst

η
, (32)

where EFuel is an estimate of the expended fuel energy in Joules.

4.1.3 Determining η -- the Powertrain Efficiency

In his early work, Jones [35] used η = 0.17 as this value was determined by dividing the energy

demand by the fuel energy that was measured experimentally. Due to advances in the car industry,

the efficiency of cars to convert fuel into mechanical energy has increased [62], [88]. Therefore,

an updated value for η is needed to estimate fuel consumption accurately. This value can be

determined knowing the specifications of the car engine [13], [26]. Although these specifications
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are not directly available to researchers in most cases, straightforward alternative approaches can

be used to determine the value of η . In this study, the following approaches are applied:

• Constant efficiency: The simplest way to obtain updated values for η is to use the constant

values reported by the EPA in [93]. The values [0.20, 0.16] are used for the urban driving

cycle and [0.30, 0.25] for the highway cycle. Here, each pair represents the upper limit and

the mean of the upper and lower limits of the percentage of fuel energy that is delivered to

the wheels to move gasoline-fueled cars from the total expended energy;

• Estimating the efficiency: Another approach is to estimate the powertrain efficiency, as de-

scribed by Jones [35] and Thomas [88]. This can be achieved by dividing the estimated

energy demand by the measured fuel consumption. This value is chosen assuming that the

measured fuel is known and can be obtained from the EPA datasets.

Specifically, the instantaneous efficiency ηi can be estimated from the instantaneous fuel

consumption data provided by Argonne National Lab (ANL) [7] by employing the following

formula as described in [88]:

ηi =
Ei

EFueli
, (33)

where EFueli is the instantaneous fuel energy expended. EFueli is obtained by converting

the fuel consumption from gallons [gal] to Joules, where 1 gal of fuel releases 120000000

Joules of energy. It is worth mentioning here that this value uses the measured (actual) fuel

consumption. Although the results will be accurate, they may not be reliable, given that the

actual data is used in the estimation process. This value is assumed to be the actual efficiency

of the car, and it is beneficial to get some idea about the powertrain’s efficiency;
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• Predicting the instantaneous efficiency: The value of η can be predicted given that the in-

stantaneous fuel consumption and energy demand for some cars are available and can be

accessed. To predict the value of η using instantaneous data, a linear regression model

is designed in this work using instantaneous test data for CAMRY XLE 2018 [7]. The

model uses instantaneous speed and acceleration as predictors and produces instantaneous

efficiency. Those two parameters were chosen because they are the only available data for

predicting the value of the other cars. Data preprocessing is applied to eliminate idling and

deceleration intervals prior to training. The linear regression model is designed assuming a

linear relationship between the predictors and the instantaneous efficiency that is calculated

using Equation 30. The trained model is used on other cars to predict their instantaneous

powertrain efficiency ηi . It should be noted here that, as the model is trained only on one

car’s data, so it may not be sufficient to be applied to other cars.

4.1.4 Estimating CO2 Emissions

Extended EPA tests [94] have revealed that CO2 emissions are highly correlated with the fuel

consumed. Based on this, CO2 emissions in grams per KJoules can be estimated given the ex-

pended fuel energy EFuel based on the EPA-prescribed formula in [94], which estimates the CO2

as follows:

CO2 = EFuel ×Carbon Content×Oxidation Fraction×
(

44
12

)
, (34)

where the Carbon Content is 0.0196 grams/Kilojoules and the Oxidation Fraction is 0.99, and the

value 44
12 is the molecular mass of CO2.

The estimated CO2 emissions are then compared with the emissions reported in [91] to eval-
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uate how well the energy estimated by the energy demand model can be used to estimate these

emissions. Furthermore, EPA CO2 emissions are calculated by inserting the fuel energy measured

by EPA EFuel in Equation 34.

4.1.5 Data Collection and Preprocessing

The purpose of this section is to provide a detailed illustration of the data collection to be used

in the study. Figure 27 provides a summary of the data collection and the various processing steps

involved.

The car specifications are first obtained from EPA Test Car Data files [91]. The speed profiles

of the selected driving cycles are obtained from the EPA Dynamometer Driving Schedule [92].

The measured fuel consumption for those driving cycles is obtained from EPA test car and ANL

data, which are then used to evaluate the estimations from the energy demand model.

Figure 27. An illustration of our methodology to obtain the required data for the estimation and

the evaluation processes.
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Driving cycles

We used the energy demand model to estimate instantaneous (i.e., second-by-second) fuel con-

sumption. Therefore, instantaneous speed and acceleration data of the car is required to estimate

its energy demand. The speed profile is obtained from EPA Dynamometer Drive Schedules [92].

These schedules contain the time steps in seconds and the speed of the car in miles per hour (mph)

during the test, and the acceleration is derived from the recorded speed. To evaluate the energy

demand model, two driving cycles were selected. The first driving cycle is the EPA Urban Dy-

namometer Driving Schedule (UDDS), which represents the city driving conditions. The second

cycle is the Highway Fuel Economy Driving Schedule (HWFET) which mimics highway driving

conditions. The speed profile of the test car in both driving cycles is shown in Figure 28. Addi-

tional details about the selected driving cycles are shown in Table 8.

Table 8. Driving cycles details.

Cycle Type Average Speed Distance Duration

UDDS City 19.59 mph 7.45 miles 1369 s

HWFET Highway 48.3 mph 10.26 miles 765 s

To extract the required data from [91] files in a way that suits the selected driving cycles, the

TestCategory field values ’FTP’ and ’HWY’ were chosen for UDDS and HWFET driving cycles,

respectively.



94

A

B

Figure 28. Speed profile for the driving cycles used. (A) UDDS cycle. (B) HWFET cycle.

Car specifications

As the energy demand model requires the car specifications to estimate its energy demand,

these specifications have to be obtained from a publicly available dataset. Specifically, [91] pro-

vides data files that include test car specifications and the fuel consumed during laboratory tests

for specific driving cycles. The data extracted is for the year 2023 test car list data. The car specifi-

cations obtained from this file are: the rolling resistance force f0 (the unit used is Newton [nt]), the

aerodynamic drag force f2 (the unit used is Newton per mile per second squared [nt/mps2]), and

the mass in kilograms [kg]. The required unit conversions are done to ensure compliance with the

energy demand model in Equation 30. These specifications are the inputs to the energy demand

model.
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Initially, several cars are randomly selected for the evaluation to ensure that the data used for

the evaluation is free of errors or missing entries. Table 9 shows the list of selected cars and

their specifications that are entered to the energy demand model. To further evaluate the energy

demand model on a larger set of cars with their different specifications, all cars in the dataset will

be included.

Table 9. Car specifications as obtained from EPA test car data (with unit conversion).

Car Model Type Mass [kg] f0 [nt] f2 [nt/mps2]

Volkswagen Jetta Car 1473.923 91.9 0.37

CHEVROLET MALIBU Car 1587.302 135.5 0.46

HONDA ACCORD Car 1643.991 188.2 0.55

TOYOTA CAMRY XLE/XSE Car 1700.68 144.7 0.38

BMW 330i Sedan Car 1757.37 198.4 0.42

Ford Edge Truck 2040.816 142.2 0.59

Measured fuel consumption and CO2 emissions data

The measured fuel and CO2 emissions are obtained from the instantaneous dataset provided by

ANL and the aggregated dataset provided by EPA.

• Instantaneous measurement: The instantaneous test car dataset provided by ANL [7] is used

to evaluate the accuracy of the energy demand model estimates. At the time of writing



96

this work, the latest available instantaneous sedan data from ANL is for TOYOTA CAMRY

XLE/XSE 2018 and HONDA ACCORD LX 2018. The obtained instantaneous fuel con-

sumption is measured in gallons per second [gal/sec]. The dataset also includes the instanta-

neous CO2 emissions during the laboratory tests, measured in milligrams per second [mg/s].

Additional steps are taken for unit conversion. Furthermore, additional preprocessing is

required to synchronize the data provided. In the dataset, the data are sampled every 0.1

seconds, while the dynamometer test speed profile is sampled every second. Therefore, the

measured data is down-sampled by choosing the nearest sample time in the speed profile

entries.

• Aggregated measurement: For obtaining the measured fuel consumption during the labora-

tory test cycles, EPA provides aggregated fuel economy FE of existing cars in miles per

gallon [mpg] in [91]. EPA test car files specify the fuel type that is used in the test. Addi-

tional steps are taken to convert [mpg] to the total gallons spent during the driving cycle as

follows:

FMeasured =
1

FE
×d, (35)

where d is the total distance (in miles) traveled during the driving cycle.

The dataset also includes the aggregated CO2 emissions during the laboratory tests measured

in grams per mile [g/mi]. Again, additional steps are taken for unit conversion.

4.2 RESULTS AND ANALYSIS

In this section, the energy demand model is evaluated to demonstrate its accuracy in estimating

fuel consumption and, consequently, the CO2 emissions based on the speed profile for the selected
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driving cycles and several car specifications. The energy demand model is evaluated using the

selected values of η described in Section 4.1.3.

4.2.1 Overall Results

• Constant Efficiency η = 1: This value is chosen assuming that all the expended fuel is con-

verted to mechanical energy to move the car through the driving cycle and that the powertrain

loss is zero. While unrealistic, this value is chosen to assess the amount of the estimated en-

ergy compared to the measured energy. This value produced large differences in most cases.

This is expected because, as indicated by EPA [93], a large amount of fuel that is not con-

sidered in the energy demand model is lost in the internal parts of the engine;

• Constant Efficiency η = [0.20,0.16] and η = [0.3,0.25]: These values are chosen to represent

the percentage of fuel energy that is delivered to the wheels to move gasoline-fueled cars as

described in Section 4.1.3. [0.20, 0.16] are better aligned with the EPA measurements for

city driving cycle, and [0.3,0.25] are better aligned with the highway driving cycle;

• Estimated η : The estimated values of η for individual cars as described in Section 4.1.3

were applied here to estimate fuel consumption. These values were used in the evaluation,

assuming that the actual fuel consumption is known. The estimated values of η for the

selected cars are shown in Table 10;

The results show that the lowest errors in fuel estimation resulted from using these values.

However, these results are not reliable because actual measurements were used to estimate

fuel consumption and CO2.
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Table 10. Estimated η for the selected cars.

Volkswagen CHEVROLET HONDA TOYOTA BMW Ford

Jetta MALIBU ACCORD CAMRY XLE/XSE 330i Sedan Edge

UDDS Estimated η 0.2056 0.21261 0.25574 0.21599 0.220750 0.18871

HWFET Estimated η 0.23079 0.2357 0.30457 0.24099 0.25763 0.22747

• Predicted η : Based on the designed linear regression model in Section 4.1.3, the mean of

predicted values of η for TOYOTA CAMRY XLE 2018 is 0.20609 for the UDDS driving cy-

cle and 0.30613 for the HWFET driving cycle. These values are close to the values reported

by the EPA [93]. These values produced an accurate instantaneous estimate even though

they were obtained by training the model on TOYOTA CAMRY XLE 2018. This indicates

that the predicted instantaneous efficiency was able to estimate the fuel consumption and

CO2 accurately. However, this approach requires training on several cars, and obtaining the

instantaneous data which are not always available.

4.2.2 Estimating Fuel Consumption Using Instantaneous ANL Data

The energy demand model is evaluated using instantaneous ANL data for TOYOTA CAMRY

XLE 2018 and Honda Accord LX 2018. Figure 29 shows the instantaneous estimate for TOYOTA

CAMRY XLE using the chosen values of η . The figure shows that in both driving cycles, the

energy demand model was able to capture the changes in fuel consumption based on the changes

in car dynamics, except during deceleration and idling, regardless of the used value of η .

The root mean square error (RMSE) was used to quantify the error of estimating the instanta-
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neous fuel consumption and CO2 emissions. The formula for the RMSE of fuel consumption is:

RMSEFuel =

√
∑

N
i=1(FiMeasured −FiEstimated)

2

N
, (36)

where FiMeasured and FiEstimated are, respectively, the measured and estimated fuel consumption in

second i, and N is the total number of data samples. As it mentioned above, FiMeasured is obtained

from the ANL dataset. Table 11 shows that the RMSEFuel for both cars in both driving cycles is

high when η = 1, and low when using the selected η = 0.16 and 0.20. Both values can be used to

accurately estimate instantaneous fuel consumption.

Table 11. RMSEFuel [gal/sec] for the selected cars.

Car Model Cycle η = 1 η = 0.16 η = 0.20 Estimated ηi Predicted ηi

ACCORD
UDDS 0.0001346 0.0001885 0.0001282 0.0000588 0.0000840

HWFET 0.0002002 0.0001121 0.0001268 0.0001057 0.0001118

CAMRY
UDDS 0.0001427 0.0002063 0.0001401 0.0000599 0.0000904

HWFET 0.0001961 0.0001178 0.0001417 0.0001042 0.0001165

For CO2 emission estimation error, the instantaneous estimate is obtained using Equation 34

and was compared with the instantaneous measurements from ANL. Figure 30 shows the instan-

taneous CO2 emissions measured by ANL and our estimated results. The figure shows that the

instantaneous CO2 emissions were captured quite accurately by using the estimated fuel energy.

RMSECO2 is also calculated as

RMSECO2 =

√
∑

N
i=1(CO2iMeasured

−CO2iEstimated
)2

N
, (37)



101

A B

Fi
gu

re
30

.I
ns

ta
nt

an
eo

us
C

O
2

em
is

si
on

s
fo

rT
O

Y
O

TA
C

A
M

RY
X

L
E

/X
SE

es
tim

at
ed

us
in

g
se

ve
ra

lv
al

ue
s

fo
rη

.(
A

)U
D

D
S

cy
cl

e.
(B

)

H
W

FE
T

cy
cl

e.



102

where CO2iMeasured
and CO2iEstimated

are, respectively, the measured and estimated fuel consumption

in second i, and N is the total number of data samples. The results shown in Table 12 confirm

the accuracy of the energy demand model in estimating CO2 emissions, as the RMSE is very low.

Not surprisingly, when η = 1, the error is high because the powertrain loss was not considered.

However, the errors are reasonably low when using the constant, estimated and predicted efficiency

values for each driving cycle.

Table 12. RMSECO2 [grams/sec] for the selected cars.

Car Model Cycle η = 1 η = 0.16 η = 0.20 Estimated ηi Predicted ηi

ACCORD
UDDS 1.219 1.560 1.058 0.526 0.712

HWFET 1.301 1.713 1.163 0.523 0.775

CAMRY
UDDS 1.809 0.999 1.084 0.946 1.000

HWFET 1.716 1.014 1.202 0.905 1.005

4.2.3 Estimating Fuel Consumption Using Aggregated EPA Data of Selected Cars

Figure 31 shows the estimated total fuel consumed at the end of each driving cycle for the se-

lected cars. Selecting η = 1 results in a very low accuracy compared to EPA measurements. It can

be seen from the figure the ability of the model to accurately estimate the total instantaneous fuel

consumption when η = 0.2 for UDDS and η = 0.3 in HWFET compared to EPA measurements.

The energy demand model is also able to capture the variety of car specifications as fuel con-

sumption increases as the mass of the car increases. It can be seen also that selecting η = 0.16
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resulted in a lower accuracy in the estimation of fuel consumption compared to the EPA measure-

ments in UDDS.

For the estimate of CO2 shown in the same figure, as the CO2 emissions are highly correlated

with the expended energy, it can be seen the same effect of the choice of η on the accuracy of the

estimate.

Furthermore, the effect of individual values of η are not generalized to all cars. For example, it

can be seen from the UDDS data in the same figure, that η = 0.2 has produced an accurate estimate

for most selected cars except for ACCORD.

To measure the accuracy of the estimate, the Root Squared Error is used for the fuel consump-

tion estimate (RSEFuel) in [gal/mile] is used where it is defined as follows:

RSEFuel =
√

(Fmeasured −Festimated)2, (38)

where Fmeasured and Festimated are, respectively, the measured fuel consumption obtained from EPA

data and the estimated fuel using the energy demand model.

Table 13 shows the RSEFuel of each selected car based on each selected value of η . The mean

of RSEFuel for each car is also evaluated to assess the average accuracy. As can be seen in the table,

the highest error was produced by not considering the powertrain loss, that is, when η = 1. The

estimated η produced the lowest error, but this value can not be used as it was explained above.

The constant values of η produced acceptable errors among all cars.

For measuring the accuracy of estimating the CO2 emissions, the root mean square error is also

used. It is calculated as follows:

RSECO2 =
√
(CO2measured −CO2estimated)

2, (39)

where CO2measured and CO2estimated are, respectively, the measured CO2 obtained from EPA
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Table 13. RSEFuel [gal/mile] of the selected cars.

Car Model Cycle η = 1 η = 0.2 η = 0.16 Estimated η Predicted ηi

Volkswagen Jetta
UDDS 0.014191 0.005048 0.000468 0.000031 0.005954

HWFET 0.012432 0.003749 0.001268 0.000028 0.004980

CHEVROLET MALIBU
UDDS 0.015771 0.006536 0.001225 0.000035 0.006155

HWFET 0.014963 0.004221 0.001152 0.000034 0.005717

HONDA ACCORD
UDDS 0.013913 0.011126 0.005164 0.000033 0.003040

HWFET 0.012493 0.000242 0.003880 0.000032 0.001503

TOYOTA CAMRY XLE/XSE
UDDS 0.016012 0.007095 0.001594 0.000036 0.006048

HWFET 0.014010 0.003655 0.000697 0.000032 0.005111

BMW 330i Sedan
UDDS 0.017221 0.008334 0.002249 0.000039 0.006119

HWFET 0.014737 0.002832 0.000570 0.000035 0.004481

Ford Edge
UDDS 0.022686 0.004957 0.001625 0.000049 0.010825

HWFET 0.019130 0.006017 0.002270 0.000044 0.007857

Mean RSEFuel

UDDS 0.016632 0.007183 0.002054 0.000037 0.006357

HWFET 0.014628 0.003453 0.001639 0.000034 0.004941

data and the estimated CO2 using the energy demand model. Table 14 shows the RSECO2 of each

selected car based on each selected value of η . The mean of RSECO2 per car is also calculated to

measure the mean of errors per car. As can be seen in the table, the highest error was produced by

not considering any powertrain loss, that is when η = 1. The estimated η produced a high error

across all cars. The constant values of η produced acceptable errors across all cars. Although the

predicted value of η produced a slightly higher error, the error is not significantly high, compared

to other values.
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Table 14. RSECO2 [grams/mile] of the selected cars.

Car Model Cycle η = 1 η = 0.2 η = 0.16 Estimated η Predicted ηi

Volkswagen Jetta
UDDS 175.87 50.56 3.35 9.23 78.92

HWFET 112.17 37.89 16.67 6.07 48.42

CHEVROLET MALIBU
UDDS 192.79 69.74 7.23 7.60 79.62

HWFET 133.83 41.94 15.68 6.13 54.73

HONDA ACCORD
UDDS 171.76 122.92 52.76 8.41 43.79

HWFET 112.09 3.16 27.97 5.49 18.08

TOYOTA CAMRY XLE/XSE
UDDS 196.42 75.54 10.78 8.39 79.15

HWFET 125.54 36.96 11.65 5.97 49.42

BMW 330i Sedan
UDDS 210.72 90.04 18.43 8.50 80.05

HWFET 131.35 29.52 0.43 5.60 43.63

Ford Edge
UDDS 280.03 45.29 32.17 13.62 140.44

HWFET 171.93 59.76 27.72 8.67 75.50

Mean RSECO2

UDDS 204.60 75.68 20.79 9.29 83.66

HWFET 131.15 34.87 16.69 6.32 48.30

4.2.4 Estimating Fuel Consumption Using Aggregated EPA Data for all Cars

To expand the evaluation on various cars, the energy demand model was applied on all the cars

listed in the dataset. The distribution of RSEFuel based on each η value is shown in Figure 32. The

results proved that η = 0.2 for the UDDS driving cycle and η = 0.3 for the WHFET driving cycle

are the best values that represent the powertrain efficiency and can be used in the fuel consumption

estimation model, resulting in a lower error.
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Overall, our results show that the energy demand model is effective in estimating fuel con-

sumption and CO2 emissions for user-defined driving cycles, depending on the selection of the

correct efficiency value. The efficiency values obtained from [93] for gasoline cars showed the

best performance among the other values. In addition, the small estimation errors in both driving

cycles indicate that the model can be generalized to estimate fuel consumption for arbitrary driv-

ing cycle. From the result, if the driving cycle is expected to have significant changes in speed, as

in the UDDS driving cycle, then η = 0.16 or η = 0.2 could generate accurate estimates. On the

other hand, if the speed changes are insignificant, as in the HWFET driving cycle, then η = 0.3

or η = 0.25 could generate accurate estimates. The low errors among all cars also indicate that

the energy demand model can be applied using different car specifications as long as the correct

efficiency of the car is properly selected.

4.2.5 Comparing the Energy Demand Model with the Engine-Specific Model

In this section, the estimation of fuel consumption using the energy demand model is compared

with the fuel consumption estimated using known engine-specific efficiency as used by Chaim

and Shmerling [13] which used the UN / ECE Extra-Urban Driving Cycle (EUDC) to evaluate

their model. Since EUDC does not include aggressive deceleration and idle periods, the average

efficiency of the highway driving cycle calculated in [88] for the year 2011 (η = 0.17) is used in

the energy demand model. The speed profile of EUDC is obtained from [92]. The specifications

for similar cars that were selected in [13] were obtained from [91] for the year 2011. The selected

cars and their specifications are listed in Table 15 compared to the specifications that were used

in [13].

Figure 33 shows that choosing η = 0.27 to calculate fuel consumption in the EUDC cycle
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results in a close estimate when the model uses engine-specific efficiency. The result of both

models is also compared with the EPA highway fuel consumption1. It can be seen here that the

energy demand model with η = 0.27 produced a closer estimate to the EPA measurements than

[13].

Table 15. Comparisons of car specifications used in this study and in [13].

Horse Power [kW] Mass [kg]

Car Model EPA [13] EPA [13]

YARIS 79.0 73.1 1190.5 1005.0

GENESIS COUPE 156.6 157.3 1700.7 1570.0

CAMRY 199.9 196.9 1757.4 1570.0

4.2.6 Sensitivity Analysis

A sensitivity analysis study was conducted on the instantaneous and aggregated data to explore

how the parameters used in the model affect the estimation error RSEFuel . For the instantaneous

parameters, (i.e., the speed and acceleration) is explored on the instantaneous ANL data. This

analysis is performed by choosing η = 0.2 for the UDDS driving cycle and η = 0.3 for the WH-

FET driving cycle. The correlation was measured by calculating the Pearson correlation coeffi-

cient. Figure 34 shows a low Pearson correlation between the speed and acceleration values and

the RSEFuel , which shows the lack of significant correlation between these parameters and the es-

1The fuel consumption was adjusted to the distance traveled in the EUDC cycle
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Figure 33. Results of applying the energy demand model on EUDC driving cycle compared with

engine-specific model used in [13].

timation errors. The figures also show that disregarding idling (i.e., speed = 0) and decelerating

(i.e., acceleration < 0) instances does not contribute significantly to the model inaccuracy.
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A

B

Figure 34. Sensitivity analysis of RSSFuel against used parameters from EPA and ANL

instantaneous data. (A) vi. (B) ai.
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Next, the correlation between the parameters mass, f0 and f2 and RSEFuel are investigated in the

aggregated data. Figure 35 shows a low Pearson correlation between the mass, f0 and f2 and the

RSEFuel . This indicates a lack of significant correlation between these parameters and the model

inaccuracy.



113

A

B

C

Figure 35. Sensitivity analysis of RSSFuel against used parameters from EPA aggregated data. (A)

Mass of the car. (B) f0. (C) f2.
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4.3 CONCLUDING REMARKS

We provided an empirical evaluation of the energy demand model in relation to its ability

to accurately estimate fuel consumption and CO2 emissions. The first main contribution of this

work was to evaluate the fuel consumption and CO2 emission estimates produced by the energy

demand model and compare them to official measurements published by the EPA. Our second

main contribution was to demonstrate the ability of the energy demand model to be generalized to

various driving cycles, including user-defined driving cycles and a variety of car models. We also

provided a simple approach for cross-disciplinary researchers to implement the model directly,

given publicly available data related to car specifications. By applying the model to the EPA

dynamometer driving cycles, the results showed that the model can be generalized to a large class

of user-defined driving cycles. The accuracy of the estimation varied slightly across different car

models.

In spite of these encouraging results, additional investigations are required to explore the effect

of car specifications on the efficiency of converting fuel into tractive energy to ensure its accuracy

across different car models. This aspect is left for future work. The evaluation study showed

that when using the EPA’s publicly available powertrain efficiencies, the energy demand model

produced results that are fairly close to those that the EPA reported for fuel economy and CO2

emissions. This indicates that the model can be used to estimate fuel and CO2 for any user-defined

driving cycles, provided the correct powertrain efficiency value is used.
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CHAPTER 5

REDUCING THE ENVIRONMENTAL IMPACT OF CROSSING PEDESTRIANS

In this chapter, we aim to answer our third research question: RQ3: Can the alert messages

about crossing pedestrians reduce the environmental impact of midblock crossing?. In Section 5.1,

we briefly revisit the energy demand model and show how we use it to estimate the instantaneous

fuel consumption and use its output to estimate the CO2 emissions for our driving cycle. Next, in

Section 5.2, we explain the alert system model. Then, we explain the speed reduction schemes in

Section 5.3. Next, we present the simulation model and show the results of our proposed schemes

in Section 5.4. Finally, we conclude this chapter in Section 5.5.

5.1 FUEL CONSUMPTION AND EMISSION ESTIMATION MODEL

The physics-based energy demand model was used by Jones [35] to estimate the energy re-

quired to move a car from point to point through a driving cycle. The model takes as inputs the

speed profile and car specifications that influence the tractive force. We employed the model to

estimate fuel consumption based on the instantaneous energy demand using the following Equa-

tion [88]:

EFuel =
Einst

η
,

where EFuel is the estimation of the total expended fuel energy in Joules and η refers to the

efficiency of the engine in converting fuel into a tractive power. the total instantaneous energy
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demand on the car in the interval [0,T ] is calculated as follows:

Einst =
T

∑
i=0

m ai vi + f0 vi + f2 v3
i ,

where i is the time unit (i.e., one second), m is the mass of the car in kg, ai is the current accel-

eration of the car in m/sec2 and vi is the current speed in m/sec. f0, f2 are the rolling resistance

and aerodynamic drag of the car, respectively. These terms represent the forces that a car must

overcome while moving [26]. As stated by US Environmental Protection Agency (EPA)[93], only

12% to 30% of the fuel goes to the wheel of the car. We assume that the power demand during

deceleration is zero because the engine does not provide power to the wheels while braking. Sim-

ilarly, the power demand during idling is zero as the car shuts off the engine if it stops for more

than a few seconds [31].

To estimate the CO2 emissions, we use the EPA formula [94]:

CO2 = EFuel ×Carbon Content×Oxidation Fraction×
(

44
12

)
,

CO2 emissions are highly correlated with the fuel consumed. Based on this, the CO2 emissions in

grams per KJoules can be estimated based on the expended fuel energy EFuel . The Carbon Content

equals to 0.0196 g/KJ and the Oxidation Fraction equals to 0.99 and the value 44
12 is the molecular

mass of CO2 divided by the atomic mass of carbon.

5.2 THE ALERT SYSTEM MODEL

We assume a system that can reliably detect pedestrians crossing the midblock and that sends

alert messages to approaching cars, as illustrated in Figure 36. For example, approaching cars may

receive, through V2I communications, alert messages from a street monitoring system that uses

cameras as proposed by Noh and Yeo [53]. It may also receive, through V2V communications, alert
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messages from cars parked along the curb that detect crossing pedestrians as proposed by Alali,

Olariu, and Jain [4]. Similarly, the approaching cars may receive alert messages from other ap-

proaching cars through V2V Ngo, Fang, and Wang [51]. Finally, cars may receive alert messages

from pedestrian hand-held or wearable devices through Vehicle-to-Pedestrian (V2P) communica-

tions as proposed by Tahmasbi-Sarvestani, Nourkhiz Mahjoub, Fallah, Moradi-Pari, and Abuchaar

[83].

Figure 36. A generic alert system model.

We assume that alert messages include the location of the crossing and the speed of the pedes-

trians. Using a digital map, the car determines the width of the street. With this information, the
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car can determine the remaining crossing time and the speed it should maintain to avoid colliding

with the pedestrians, as we illustrate in Section 5.3.

5.3 SPEED REDUCTION SCHEMES

Assume that at time s1 an approaching car at location C1 receives the first alert message con-

taining location L1 for the crossing cohort and the remaining crossing time, which indicates that

the crossing will be over at time e1. Using the time-space diagram shown in Figure 37, the car can

calculate the maximum safe speed as:

vsa f ei = min
{

vsa f ei−1 ,
Li −Ci

ei − si

}
, (40)

where i is the alert message number. vsa f ei is the safe speed determined using the information

included in the received message number i. If the received message is the first message, then vsa f ei

is equal to the street speed limit vmax.

Now, let us assume that after a while and before the car reaches the crossing location L1 of

the first crossing, it receives another message about a cohort crosses at different location L2, as we

show in Figure 38.
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Figure 37. Trajectory of a car receiving one alert message about midblock crossing

Figure 38. Trajectory of a car receiving two alert messages about midblock crossing
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When the car receives the alert 2, it checks whether there is a previous alert 1 affects its speed.

If no alert was received, the car reduces its speed immediately according to the calculated crossing

time. On the other hand, if there is a previous alert, the car will check if the location of the current

crossing pedestrian L2 is closer than that of the previous pedestrian location L1. If it is closer, then

the car would choose between the two options, which represent our proposed schemes, Option 1

or Option 2, as explained below:

• Option 1: Immediate deceleration This option is illustrated in Figure 38. In this option,

the car at location C2 responds immediately to the second message by reducing its speed.

We note here that this option would also prevent collisions with pedestrians at location L1

without the need to stop at L1. Indeed, when the car reaches the crossing area, it can resume

a normal speed equal to the speed limit vmax.

• Option 2: Deferred deceleration: This option represents the second scheme we propose in

this work. This option is depicted in Figure 38. In this option, after the car reduces its speed

for crossing at location L1, when it is at location C2 it receives the second message about

cohort crossing at location L2. When the car compares the new safe speed vsa f e2 with its

current speed vsa f e1 , it finds that vsa f e1 is lower. Therefore, it may choose not to respond to

this message and maintain its current speed until it reaches the crossing at L1. When it passes

the area, it will reduce its speed according to the remaining crossing time for the cohort at

location L2.

These two proposed schemes can be compared with other trajectories that can be taken when

the car does not notice the pedestrian in advance. We call this trajectory (Sudden Stop) where there

are midblock crossings, but the car does not receive any information beforehand, and alternatively
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it notices the pedestrian near the crossing location and stops suddenly. Note that the (Sudden Stop)

trajectory is similar to a trajectory that would be taken by an aggressive driver who does not adhere

to the alert message.

All of these trajectories can be compared to a baseline trajectory when there are no midblock

crossing pedestrians. We call this trajectory (No Peds.) which stands for No Pedestrians.

It is important to determine the possible scenarios that may occur when there are several simul-

taneous crossings at several locations, and an approaching car receives alert messages. This also

enables an accurate evaluation of the effectiveness of each reaction in reducing the environmental

impacts. Therefore, we designed six possible scenarios for three pedestrians crossing at the same

speed (i.e., they had the same crossing time) at three different locations L1, L2, and L3. In each

scenario, the order of starting crossing changes at each location. Figure 39 shows six scenarios

with their expected reactions.
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A B

C D

E F

Figure 39. Evaluated scenarios of vehicle trajectory when receiving three alert messages. (A)

Scenario 1. (B) Scenario 2. (C) Scenario 3. (D) Scenario 4. (E) Scenario 5. (F) Scenario 6.
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In scenarios 3, 4 and 6, (Figures 39C, 39D, and 39F), the only option for the car to avoid

collisions with pedestrians without staying idle is immediate deceleration (that is, Option 1). This

is the only available option, given that the second alert location is closer to the car than the first

alert.

In Scenario 3, the car receives the message at time 10 about a pedestrian/cohort crosses at

location L1, the car calculates the safe speed vsa f e1 and finds that it is equal to the speed limit,

so it continues cruising at the same speed. Note that even if the car does not reduce its speed, it

will avoid the collision with the pedestrian without the need to stop at the crossing location. At

time 20, the car receives a second alert for a crossing at location L2. Now, because the location

is closer than L1 and vsa f e2 is less than the current speed vsa f e1 , the car immediately reduces its

speed to vsa f e2 . When the third crossing starts at location L3 which is farther away from L2, the car

calculates vsa f e3 which, this time, is larger than the current speed, so it keeps the minimum which

is the current speed vsa f e2 . When it reaches L2, its speed can be increased to vsa f e2 if it is less than

the speed limit. In Scenario 4, crossing at location L1 starts first, and the car receives the first alert,

but as in Scenario 3, this does not affect the current speed because the safe speed now is similar to

the speed limit. At time 20, crossing at a closer location L2 starts, which makes the car reduces its

speed to avoid the collision. At time 28, a crossing starts at location L3, but it has no affects this

time because vsa f e2 = vsa f e3 . In Scenario 6, the car does not reduce its speed for crossing at L1,

but it does so when crossing at location L2 starts. Again, when L3 has a crossing, the car reduces

its speed to avoid the collision.

On the other hand, a second option is available to the car to defer the deceleration in Scenarios

1,2 and 5 (Figures 39A, 39B, and 39E). This is actually because the second alert is for crossing at

location farther away than the location of the first alert. In Scenario 1, the car receives the message
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at time 10 about a pedestrian/cohort crosses at location L1, the car calculates the safe speed and

finds that it is less than the speed limit vmax; thus, it reduces its speed to vsa f e1 . Then, when a

crossing starts at location L2 which is farther away from L1, it receives the second alert. Now, as

the car calculates its vsa f e2 and finds that it is less than the current speed vsa f e1 , so it has now two

options: either to decelerate immediately to reach vsa f e2 or to continue on vsa f e1 until it reaches L1

crossing then decelerates for the second alert. When the third crossing starts at location L3, the car

calculates vsa f e3 which, this time, is less than the current speed (for both options), but ,again, since

L3 is farther than L2, it has now the two options. Similarly, in Scenario 2, crossing at location

L1 starts first, and the car receives the first alert, then crossing starts at L2, so the car has the two

options. However, when crossing at L3 starts, the car must reduce its speed immediately without

having a second option because L3 is closer than L2. In Scenario 5, the car does not reduce its

speed for L1 crossing as it can avoid the collision even it maintains the speed limit. Again, when

crossing at further location L2 starts, it has the two options. However, when the third crossing at

location L3 starts, it affects Option 1 and forces the car to reduce its speed immediately.

In the following, we explain the possible rational reactions of an approaching car when it

receives an alert message to a crossing cohort at one location, and after awhile, it receives another

message of a pedestrian crossing at the same or another location. We examine two cases that may

occur in the street while pedestrians cross the midblock.

In this case, the car receives a second alert message about cohort crossing at a location that is

different from the first one.
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5.4 SIMULATION AND RESULTS

5.4.1 Simulation Model

To generate cars traffic, we utilize Simulation of Urban MObility (SUMO) [46], a microscopic

simulation modeling vehicles and pedestrian mobility. In the simulation, we created a one way

street with two lanes for on-street parking in the right-hand of the street and a left-hand lane for

moving cars.

For generating pedestrian traffic, and because we have specific scenarios we aim to study, we

determine fixed locations of pedestrian crossing with fixed speed. We chose the minimum speed

of crossing midblock reported in [20] to assure safety of pedestrians. We assume that each time

a car approaches those determined locations, there is a pedestrian crosses the street at the same

time, and it receives a message once the pedestrian starts crossing. To achieve this, we disable

the randomness in pedestrian generation in SUMO to prove the effectiveness of our schemes. The

parameters of the simulation are as follows: street length = 500 meters [m], street width = 13 [m],

street speed limit = 30 [mph] 13.4 [m/s], pedestrian speed = 0.67 [m/s], crossing time = 20 [s].

We implemented our proposed schemes on two car models from year 2023 data provided

by [91]. The first car is the sedan TOYOTA CAMRY LE/SE has mass = 1644 kilogram, f0 = 113.82

newton and f2 = 0.36 newton× second2

meter2 . The second car is the SUV TOYOTA HIGHLANDER that

has mass = 2040.8 kg, f0 = 139.7 newton and f2 = 0.56 newton× second2

meter2 . According to the EPA

data, CAMRY LE/SE consumes less fuel and emit less CO2 than HIGHLANDER in city driving

cycles.
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5.4.2 Simulation Results

In this section, we provide an evaluation of the proposed schemes in terms of reducing fuel

consumption and CO2 emissions using the two cars. Additionally, we prove that receiving infor-

mative messages about midblock pedestrians in a timely manner through V2V communications

reduces the environmental impacts associated with midblock crossing. We compare the fuel con-

sumed during the trips in Option 1 and Option 2 in all the assumed scenarios with the additional

trajectories (No Peds.) and and (Sudden Stop). Figure 39 shows the six scenarios along with the

additional generated trajectories for comparison. We evaluate the fuel consumed and the emitted

CO2 for the four trajectories in each scenario.

Figure 40. The increase of fuel consumed for all the trajectories compared to no pedestrian

trajectory in all scenarios

We measured the increase percentage of fuel as a result of midblock crossing compared to the

case when there are no pedestrian (No Peds.). Figure 40 and Figure 41 show that accommodating

pedestrians in all scenarios increases the fuel consumption and emissions compared to the case
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Figure 41. The increase of emitted CO2 for all the trajectories compared to no pedestrian

trajectory in all scenarios

where there are no pedestrians (No Peds.). However, receiving timely informative messages that

allow the car to maintain a safe speed consumes less fuel and emits less CO2 than the Sudden

Stop. This is because when the car maintains a lower speed in advance until the pedestrians finish

crossing, it consumes less fuel and consequently emits less CO2. Conversely, when the car does not

have timely information and suddenly stops at the crossing location, and later resume its normal

speed after passing it, it consumes more fuel because of the higher speed and acceleration phases.

The reduction of fuel consumption and CO2 emissions in the proposed schemes is shown in

Figure 42 and Figure 43, respectively. The reduction of Option 1 and Option 2 were compared

with the (Sudden Stop) trajectory. As can be seen, the reduction in fuel consumption is higher in

the two options. We can also see that Scenario 1 has the highest fuel and emission reduction. This

shows the effectiveness of the proposed schemes in this case. While in the other scenarios, as new

information about pedestrian crossing at a closer location may require consuming more fuel as the

time allowed to reduce the speed is less than in Scenario 1.
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Figure 42. The reduction of fuel consumed for all the trajectories compared to sudden stop

trajectory in all scenarios

Figure 43. The reduction of emitted CO2 for all the trajectories compared to sudden stop

trajectory in all scenarios.
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To discuss the results in detail, we show duration of driving modes (acceleration, deceleration,

cruising and idling) for all the trajectories in all the scenarios in Table. 16. This data is applicable to

the two cars since the speed profile is the same for both. From Table. 16, we see that in Scenario 1

the two options consumed less fuel than sudden stop because in both trajectories the car maintained

a lower speed than sudden stop. Another reason is that in sudden stop, and because the car does

not have adequate information in advance, it tries to resume its normal speed after it passes the

crossing location. This causes an increase in the acceleration duration, which consumes more fuel.

This was also applied to the other scenarios.
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We conclude that receiving advance information about midblock crossing allows the car to re-

duce the fuel consumption by up to 16.7% over Sudden Stop and on average 7.4% for both options.

Specifically, immediate deceleration reduced about 7.3507% from Sudden Stop and deferred dec-

laration reduced 7.4511% on average. This conclusion applies to CAMRY data, and we achieved

approximately similar reduction for the HIGHLANDER model. As the CO2 emission are highly

correlated with fuel consumption, emissions were reduced correspondingly. It is worth mention-

ing that neither of the schemes affected the average speed for the whole trip which means that our

scheme did not increase trip time.

5.5 CONCLUDING REMARKS

Our main contribution was to propose schemes that mitigate the environmental impacts (in-

creased fuel consumption and CO2 emissions) of pedestrian midblock crossing by leveraging in-

formation about the location and expected duration of the crossing. We evaluated the impact of car

decisions on fuel consumption and emissions by exploring potential trajectories that cars can take

as a result of messages received. Our extensive simulations showed that the timely dissemination

of pedestrian crossing information to approaching vehicles can reduce fuel consumption and emis-

sions by up to 16.7% of the fuel consumed during a sudden driver reaction.
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CHAPTER 6

CONCLUSION

We recognize the challenges that need to be overcome in order to achieve improved occluded

pedestrian safety at midblock while reducing fuel consumption and CO2 emissions. In this disserta-

tion, we made contributions to fill the following research gaps: 1) Although parked cars are one of

the major causes of pedestrian occlusion, they have not been leveraged to support occluded pedes-

trian detection; 2) Researchers interested in the environment and transportation need an accurate

and straightforward model to estimate fuel consumption for their driving cycles and car specifica-

tions; and 3) Reducing fuel consumption due to midblock pedestrian accommodation has not been

investigated in pedestrian safety systems. These gaps drive us to ask our main research question:

Can we utilize parked cars to protect occluded pedestrians and reduce the environmental impact

of accommodating pedestrians? This question is divided into three questions to be addressed in

separate chapters in this dissertation. The three questions are: RQ1: Can we utilize parked cars

to protect occluded pedestrians and alert approaching cars?; RQ2: Can we accurately estimate the

instantaneous fuel consumption and CO2 emissions using the energy demand model?; and RQ3:

Can the alert messages about crossing pedestrians reduce the environmental impact of midblock

crossing?

We addressed RQ1 in Chapter 3 where we proposed ADOPT: a system to employ cars parked

along the sidewalk to detect and protect crossing pedestrians. In ADOPT, we laid the theoretical

foundations to enlist parked cars to protect occluded pedestrians at midblock. With the parked

cars, we were able to: 1) Detect crossing pedestrians using short-range and low-power resources;
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2) Provide a binary classification for pedestrians using only their radio frequency noise; 3) Ac-

commodate several pedestrians at the same time; 4) Alert approaching cars promptly so they can

avoid collision with the pedestrians without the need to stop. Our extensive simulations using

SUMO-generated pedestrian and car traffic have shown the effectiveness of ADOPT in detecting

and protecting crossing pedestrians. All these tasks were achieved using low-power and low-range

communication resources.

Then, we addressed the second research question RQ2 in Chapter 4 where we provided an em-

pirical evaluation of the energy demand model in relation to its ability to accurately estimate fuel

consumption and CO2 emissions. We evaluated the fuel consumption and CO2 emission estimates

produced by the energy demand model and to compare them to official measurements published

by the EPA. Furthermore, we demonstrated the ability of the energy demand model to be general-

ized to various driving cycles, including user-defined driving cycles and a variety of car models.

The work provided a simple approach for cross-disciplinary researchers to implement the model

directly, given publicly available data related to car specifications. By applying the model to the

EPA dynamometer driving cycles, the results showed that the model can be generalized to a large

class of user-defined driving cycles. The accuracy of the estimation varied slightly across different

car models. The evaluation study showed that when using the EPA’s publicly available powertrain

efficiencies, the energy demand model produced results that are fairly close to those that the EPA

reported for fuel economy and CO2 emissions. This indicates that the model can be used to accu-

rately estimate fuel and CO2 for any user-defined driving cycles, provided the correct powertrain

efficiency value is used.

Lastly, we addressed our third research question RQ3 in Chapter 5 where we proposed speed

reduction schemes that mitigate the environmental impacts (increased fuel consumption and CO2
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emissions) of pedestrian midblock crossing by leveraging information about the location and ex-

pected duration of the crossing that were sent by parked cars in a timely manner. We evaluated the

impact of car decisions on fuel consumption and emissions by exploring potential trajectories that

cars can take as a result of messages received. Our extensive simulations showed that timely dis-

semination of the information about pedestrian crossing at midblock to approaching vehicles can

reduce fuel consumption and emissions by up to 16.7% of the fuel consumed if the car suddenly

stops at the crossing area.

6.1 CONTRIBUTION

In the following, we revisit the key contributions of this dissertation:

1. Providing the theoretical foundations of a low-power and infrastructure-free occluded pedes-

trian detection system (Chapter 3);

2. Introducing a novel criterion for the binary classification of pedestrians as “on the sidewalk”

or “in the street” (Chapter 3);

3. Offers a scheme for estimating the expected time it takes a crossing cohort to clear the

street(Chapter 3);

4. Providing an algorithm that allows approaching cars to adjust their speed dynamically, given

several simultaneous crossing locations (Chapter 3);

5. Estimating fuel consumption and CO2 emissions for driving cycles resulting by adopting

ADOPT suggested speed using more realistic parameters (Chapter 3);

6. Providing a scheme for cars to choose the speed that reduces the elevated fuel consumption
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and CO2 emissions while avoiding colliding with pedestrians (Chapter 3);

7. Applying the energy demand model for fuel consumption estimation, including instanta-

neous and average speed for user-defined driving cycles;

8. Comparing the computed fuel consumption with real-world data of several driving cycles

and evaluating the accuracy of the energy demand approach (Chapter 4);

9. Providing a simple approach for cross-disciplinary researchers to implement the model di-

rectly, given publicly available data related to car specifications (Chapter 4);

10. Providing schemes to reduce speed appropriately based on alert messages sent to approach-

ing cars along the street about midblock crossing. The proposed scheme showed a reduction

in fuel consumption and CO2 compared to sudden reaction (Chapter 5).

6.2 LIMITATIONS AND FUTURE WORK

We identified several limitations in our work that can be addressed in future research. Below,

we outline potential improvements for various sections of this dissertation:

In Chapter 3, our system currently sends alert messages only backward, where each parked car

alerts the car behind it. This constraint should be relaxed to allow messages to be sent forward,

warning approaching cars from the opposite direction. Additionally, our pedestrian classification

and localization algorithms assume that the car is parked in parallel to the sidewalk. If the car is

not parked parallel, the accuracy of these algorithms decreases. Future work should address this

issue. Another limitation is the potential for information overload when multiple pedestrians cross

near parked cars simultaneously. This can distract human drivers. We plan to design an app to
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minimize this information overload and reduce driver distraction. Furthermore, we assumed the

sidewalk is modeled by a straight line. However, streets often have curvilinear sidewalks, which

can obscure pedestrian traffic. Extending ADOPT to handle these general sidewalk geometries is

essential. The social impacts of ADOPT also need evaluation. It is crucial to assess ADOPT’s

effect on car traffic flow and manage pedestrian and car traffic based on their density. Additionally,

we need to study whether ADOPT encourages jaywalking by making pedestrians feel safer.

Another possible extension to ADOPT system involves using parked cars to alert pedestrians

about approaching vehicles, potentially protecting midblock crossing pedestrians without disrupt-

ing traffic flow. Another research direction involves equipping cars with low-power transceivers to

sense RF noise from other cars. This could enable parked cars to report available parking spots in

real time to a central system, providing valuable information to drivers.

In Chapter 4, further investigation is needed to explore how car specifications affect the effi-

ciency of converting fuel into tractive energy, ensuring accuracy across different car models.

Lastly, in Chapter 5, additional research is required to understand the impact of distances be-

tween crossing areas on fuel consumption and emissions. Additionally, the simulation needs to be

expanded to include a wider range of pedestrian speeds and varied environmental variables such

as car traffic density.
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APPENDIX A

TIME-SPACE DIAGRAM OF A CROSSING COHORT

Let us turn our attention to the time-space diagram corresponding to a crossing cohort. Refer-

ring to Figure 44, imagine a crossing cohort at location L that starts crossing the street at time s1

and clears the street by time e1. Since the “space” coordinate of the cohort does not change, the

corresponding time-space diagram is captured by a horizontal line segment with endpoints (s1,L)

and (e1,L).

time

(0,C)

sp
ac
e

(s1,0) (e1,0)

(0,L) (e1,L)

θ
(e1,C)

(s1,C)

Figure 44. Illustrating the time-space diagram of a crossing pedestrian.

Now, consider an approaching car and assume that the coordinates of the car when it receives
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the “Caution – pedestrian in the street” message are (s1,C). What is the largest average speed that

the approaching car should adopt to avoid crashing into the cohort? The answer is simple: the

car should not reach the point (0,L) while the crossing is in progress, namely in the time interval

[s1,e1). However, the car may reach (0,L) at time e1, as by that time the cohort has finished

crossing safely. Thus, using (1), the car should adopt the following safe average speed:

vsa f e = min
{

vmax,
L−C

e1− s1

}
(41)

where vmax is the speed limit on the road considered. Assuming that L−C
e1−s1 ≤ vmax, this safe speed is

visualized in Figure 44 as the slope of the blue segment connecting the points (s1,C) and (e1,L).
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APPENDIX B

EPA TEST CAR DATA

Specific fields from EPA test car data were used in this work [91]. For additional clarification,

Table 17 has a list of these fields and their usage in this work. It should be noted here that, to

the best of our knowledge, there is only one file that contains the metadata for test car files [90].

Moreover, this file does not contain metadata for all the fields, so interpretation with a personal

effort was performed to map the fields to the required data.

Table 17. List of used fields from EPA test car aggregated data and their usage.

EPA Test Car Data Usage in this work

Description Field Name Unit Parameter Name Unit

Rolling Resistance Drag Force TargetCoefAlbf lb f f0 Newton [nt]

Aerodynamic Drag Force TargetCoefClbfmph2 lb f/mph2 f2 nt/mps2

Car Mass EquivalentTestWeightlbs lbs mass killograms [kg]

Fuel Economy RND_ADJ_FE miles per gallon [mpg] FE mpg

CO2 Emission CO2gmi gram per mile [g/mile] CO2Measured g/mile
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