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Abstract 

The rising pollution levels in congested urban areas pose a serious threat to human health. 

Many solutions have been proposed to control and reduce gas emissions from road traffic, 

with results that are not entirely satisfactory. The adoption of new techniques and 

methodologies for early detection of pollutant emissions may enable effective management 

and control of road traffic contamination. The proposed method introduces an interactive 

protocol that facilitates communication between the traffic control center and a vehicle speed 

recognition system. This protocol autonomously adjusts vehicle speeds to align with traffic 

control center limits, correlating maximum velocity with greenhouse gas (GHG) 

concentrations in designated urban areas. The paper examines the environmental impacts of 

road traffic emissions in urban areas and explores strategies to mitigate them through speed 

limit management based on pollution levels. To implement this strategy, we suggest installing 

pollution detection sensors and interactive speed signage. GHG mitigation hinges on specific 

sensors that measure emissions from vehicle exhaust pipes strategically positioned along 

roads or pedestrian walkways. The integration of Artificial Intelligence enhances the 

protocol’s effectiveness, reducing significant deviations in vehicle performance and 

associated emissions. Simulation results indicate a potential reduction in GHG emissions of 
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21.8% when vehicles operate at 45 km/h, following a 15 km/h decrease from typical velocities 

and maintaining no acceleration. Additionally, vehicle speed, the extent of speed reduction, 

and acceleration rates influence the reductions in GHG emissions, yielding reference emission 

reductions of 12.4% and 15.2% for average speeds of 70 km/h and 45 km/h, respectively. 

Conversely, the maximum increase in GHG emissions can reach 66.7% when experiencing an 

acceleration of 3.6 m/s2, with a 15 km/h speed reduction. Theoretical predictions have 

demonstrated a high accuracy of 98.5% for speeds exceeding 57.5 km/h, regardless of the 

engine type. However, this accuracy diminishes at lower speeds (below 55 km/h), ranging 

from 69.5% to 98.5%, depending on engine type and acceleration rate. The proposed 

methodology improves the current state of the art in managing pollution levels and helps 

achieve early control of urban contamination from road traffic. 
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1. Introduction 

Currently, urban pollution from road traffic is a significant issue, leading to health complications 

and economic losses from the corrective measures implemented needed to address it. Greenhouse 

gases (GHG), among other factors, are responsible for the increasing pollution, climate change, and 

global warming [1-8]. GHG emissions come from industrial processes, commercial activities, 

residential heating, fossil fuel power plants, and road traffic [9-21]. Greenhouse gas emissions from 

urban road traffic depend on engine and car type and dynamic driving conditions, speed, and 

acceleration. For non-electric vehicles (n-EVs), four types are available: diesel, gasoline, compressed 

natural gas (CNG), liquefied gas (LPG), and hybrid. Among the GHG, combustion engine cars emit 

carbon dioxide (CO2), nitrous oxides (NO/NO2), Sulphur dioxide (SO2), carbon monoxide (CO), and 

solid particles (PMs). The most relevant emitted gas is carbon dioxide because of its highest 

emission rate, although other GHGs also affect people’s health. While the carbon dioxide and 

nitrous oxide emission rates from an internal combustion engine (ICE) are a function of vehicle 

speed, sulphur dioxide does not depend directly on vehicle speed but on fuel consumption, which 

is related to vehicle speed. Sulphur dioxide emissions only affect diesel and gasoline engines, with 

CNG and LPG showing only traces [22]. 

Road traffic represents one of the most challenging problems local authorities must face due to 

the continuous population growth in urban areas and the need for public or private transportation 

for house-to-work commuting and vice versa, as peri-urban zones expand [23-26]. Traffic congestion 

produces high GHG emissions into the atmosphere without benefiting the population with a better 

transportation system [27-29]. Traffic congestion is widely studied through developed metrics for 

congestion measures [30-32]. The two most-cited reports are the Texas Transportation Institute’s 

Urban Mobility Study [33] and the National Cooperative Highway Research Program Report 398 [34].  

Political measures aimed at regulating GHG emissions seek to mitigate environmental 

contamination, particularly in urban areas where high population density [35-43] and traffic 
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congestion [44-46] lead to unacceptable pollution levels, impacting human health [47-51]. Local 

authorities propose the public transportation model as the solution for urban traffic congestion [52-

54]; however, this policy confronts people's reluctance to use public transportation [55, 56] due to 

overcrowding, irregular service, low frequency, access difficulties for disabled people, and delays 

derived from breakdowns and service problems [57-60], resulting in massive private car use. Cities 

use different measures to reduce pollution from mobility: improvements to public transport, 

infrastructure, pedestrian and bicycle facilities, restrictions on private vehicles, traffic and parking 

management, changes to vehicles, speed limits, and land use, promoting eco-driving, defining low-

emission zones, tolls, and so on. 

There are two ways to reduce traffic emissions: reducing the total number of kilometers traveled 

by vehicles (vehicle-km) or reducing vehicle emission rates. The first way depends on citizens’ 

willingness to switch from private to public transportation or leave vehicles. A comparative analysis 

of Copernicus Sentinel data (Figure 1) shows the impact of reducing the vehicle-km rate on the 

environmental pollution [61, 62]. The vehicle emissions rate depends on the vehicle type and on 

changes in speed. Some GHG emissions, like nitrous oxides (NOx), increase with engine temperature 

and vehicle speed; the faster the vehicle runs, the higher the NOx emissions rate. Nevertheless, 

modern engines are more sensitive to increased GHG emissions during acceleration than at average 

high speed. Private transportation in urban areas suffers from drivers’ attitudes and variable driving 

modes. Continuous vehicle acceleration and speed changes provoke sudden braking and traffic 

congestion. Irregular maneuvers, such as unexpected lane changes or lateral movements without 

using blinkers, also generate sudden braking and accelerations, and consequently, traffic congestion. 

Some studies argue that variable speed systems are better than lowering the speed limit because 

they reduce traffic congestion. Furthermore, similar vehicle speeds are more important for 

environmental pollution and fuel consumption than the absolute level of average traffic speeds [63]. 

Another study shows that no optimal speed reduces fuel consumption and emissions, but a range 

of speeds with lower GHG emissions values [64]. Complementing the previous study [65], this paper 

proposes an interactive method between the urban traffic control system and vehicles based on a 

protocol assisted by Artificial Intelligence. The protocol uses road traffic density in any metropolitan 

area, adjusts vehicle speed limits to traffic conditions, and avoids excessive GHG emissions. The 

protocol adapts to the city's pollution levels, setting speed limits to keep carbon emissions within 

healthy limits. 
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Figure 1 Impact of reducing the vehicle-km rate on the environmental pollution [61]. 

The main contribution of the present paper is the application of Artificial Intelligence to road 

traffic gas emissions in urban areas, providing advanced methods to local authorities to manage 

GHG emissions control and pollution levels. 

The paper is structured as follows: 

a) A short description of greenhouse emissions, principal components, and the influence of road 

traffic on the GHG emissions by type of car engine. 

b) A brief description of the influence of road traffic on the pollution problem. 

c) Measures taken by authorities to face the increasing pollution levels in urban areas due to 

road traffic. 

d) A description of the two principal ways to reduce traffic emissions, including relevant studies 

and works concerning this issue. 

e) Short explanation of the main contribution of the paper to the state of the art. 
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2. Theoretical Foundations 

Based on previous premises, we may define the GHG emission rate as a function of the vehicle 

speed, as presented in Equation 1: 

𝑚̇𝐺𝐻𝐺 = 𝑓𝑒𝑛𝑔𝑟𝑒𝑛𝑔 (1) 

f and r are the emission factor and fuel consumption rate for any specific engine type. The subscript 

eng indicates the engine type. 

Because fuel consumption rate depends on the dynamic driving conditions, we may express it as 

a function of vehicle speed as in Equation 2. 

𝑟𝑒𝑛𝑔 =
∑ 𝐹𝑖𝑣𝑖

𝑛
𝑖=1

𝑄̇𝑓𝑢𝑒𝑙𝜌𝑓𝑢𝑒𝑙𝜂𝑒𝑛𝑔𝑣̅
(2) 

𝑄̇𝑓𝑢𝑒𝑙 and ρfuel are the fuel combustion power and density. ηeng is the engine efficiency, 𝑣̅ is the 

average vehicle speed in a daily journey, and Fi and vi are the propelling force and vehicle speed for 

every i-segment of the daily journey. 

Applying dynamic laws to the vehicle driving conditions (see Equation 3), we have: 

𝐹𝑖 = 𝑚𝑣𝑒ℎ𝑎𝑖 + 𝜅𝑣𝑖̅
2 + 𝜇𝑚𝑣𝑒ℎ𝑔 + 𝑚𝑣𝑒ℎ𝑔 sin 𝛼𝑖 (3) 

mveh is the vehicle mass, ai and vi are the vehicle acceleration and speed in the i-segment, κ and μ 

are the drag and rolling coefficients, and αi is the road slope in the i-segment. 

Considering a uniform acceleration for the i-segment, we define the acceleration as in Equation 

4: 

𝑎𝑖 =
𝑣𝑖 − 𝑣𝑖

𝑜

𝑡𝑖

(4) 

𝑣𝑖
𝑜 and vi represent the initial and final vehicle speed in the i-segment, and ti is the time interval for 

the i-segment. 

Combining Equations 2, 3, and 4, we express the fuel consumption rate as presented in Equation 

5: 

𝑟𝑒𝑛𝑔 =
∑ (𝑚𝑣𝑒ℎ

𝑣𝑖 − 𝑣𝑖
𝑜

𝑡𝑖
+ 𝜅𝑣𝑖̅

2 + 𝜇𝑚𝑣𝑒ℎ𝑔 + 𝑚𝑣𝑒ℎ𝑔 sin 𝛼𝑖) 𝑣𝑖
𝑛
𝑖=1

𝑄̇𝑓𝑢𝑒𝑙𝜌𝑓𝑢𝑒𝑙𝜂𝑒𝑛𝑔𝑣̅
(5) 

Considering the engine efficiency and pavement rugosity constant in a daily journey, the fuel 

consumption rate expression is defined by Equation 6: 

𝑟𝑒𝑛𝑔 = 𝐶𝑜

∑ (
𝑣𝑖 − 𝑣𝑖

𝑜

𝑡𝑖
+ 𝐶1𝑣𝑖̅

2 + 𝐶2 + 𝑔 sin 𝛼𝑖) 𝑣𝑖
𝑛
𝑖=1

𝑣̅
(6)

 

With coefficients Co, C1, and C2 defined in Equation 7: 



Adv Environ Eng Res 2025; 6(4), doi:10.21926/aeer.2504033 
 

Page 6/27 

𝐶𝑜 =
𝑚𝑣𝑒ℎ

𝑄̇𝑓𝑢𝑒𝑙𝜌𝑓𝑢𝑒𝑙𝜂𝑒𝑛𝑔

;  𝐶1 =
𝜅

𝑚𝑣𝑒ℎ
=

1

2
𝜌𝑎𝑖𝑟𝐶𝑥

𝑆

𝑚𝑣𝑒ℎ
;  𝐶2 = 𝜇𝑔 (7) 

ρair is the air density, Cx is the vehicle aerodynamic coefficient, and S is the vehicle cross section front 

area. 

Since the final vehicle speed in the i-segment matches the initial speed of the i+1 segment, 

Equation 6 transforms into Equation 8: 

𝑟𝑒𝑛𝑔 =
𝐶𝑜

𝑣̅
(∑

𝑣𝑖
2

𝑡𝑖

𝑛

𝑖=1

− ∑
𝑣𝑖

2

𝑡𝑖+1

𝑛

𝑖=1

+ ∑ 𝐶1𝑣𝑖̅
3

𝑛

𝑖=1

+ ∑ 𝐶2𝑣𝑖

𝑛

𝑖=1

+ ∑ 𝑔𝑣𝑖 sin 𝛼𝑖

𝑛

𝑖=1

) (8) 

Because C1 and C2 are much lower than one, and the road slope in urban pathways is currently 

low, we may neglect terms affected by these coefficients, transforming Equation 8 into Equation 9: 

𝑟𝑒𝑛𝑔 =
𝐶𝑜

𝑣̅
(∑

𝑣𝑖
2

𝑡𝑖

𝑛

𝑖=1

− ∑
𝑣𝑖

2

𝑡𝑖+1

𝑛

𝑖=1

) (9) 

Comparing two driving conditions with vehicle speed, vi1 and vi2, where vi2 = fvvi1, being fv the 

vehicle speed correction factor, we have the fuel consumption rate ratio as shown in Equation 10: 

𝑟𝑒𝑛𝑔,1

𝑟𝑒𝑛𝑔,2
=

𝑣2̅̅ ̅

𝑓𝑣
2𝑣1̅̅ ̅

(10) 

Combining Equations 1 and 10, we obtain the ratio of GHG mass emissions rate, defined by 

Equation 11: 

𝑅𝐺𝐻𝐺 =
𝑚̇𝐺𝐻𝐺,2

𝑚̇𝐺𝐻𝐺,1
=

𝑓𝑣
2𝑣1̅̅ ̅

𝑣2̅̅ ̅
(11) 

If we express the average car velocity ratio as in Equation 12: 

𝑓𝑣̅ =
𝑣1̅̅ ̅

𝑣2̅̅ ̅
(12) 

Equation 11 transforms into Equation 13: 

𝑅𝐺𝐻𝐺 = 𝑓𝑣̅𝑓𝑣
2 (13) 

Equation 13 provides a simple and valuable tool for evaluating the reduction in GHG emissions 

achieved by slowing vehicle speed. 

If we develop a similar analysis focused on acceleration rather than vehicle speed variation, 

Equation 6 adopts the form of Equation 14: 

𝑟𝑒𝑛𝑔 = 𝐶𝑜

∑ (𝑎𝑖 + 𝐶1𝑣𝑖̅
2 + 𝐶2 + 𝑔 sin 𝛼𝑖)𝑣𝑖

𝑛
𝑖=1

𝑣̅
(14) 
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Considering only kinetic effects, Equation 14 transforms into Equation 15: 

𝑟𝑒𝑛𝑔 =
𝐶𝑜

𝑣̅
(∑ 𝑎𝑖𝑣𝑖

𝑛

𝑖=1

) (15) 

Comparing the two cases for vehicle speed, vi1 and vi2, we have the final expression for RGHG as 

presented in Equation 16: 

𝑅𝐺𝐻𝐺 = 𝑓𝑣̅𝑓𝑣𝑓𝑎 (16) 

Where fa is the acceleration factor defined as ai2 = faai1. 

3. Methodology 

We divide the methodological process into the following sections: 

• A simulation process, including the following issues: 

a) Evaluation of the influence of neglecting drag, rolling, and weight forces on the ratio of GHG 

mass emissions rate (RGHG), expressed in Equation 13, for variable initial vehicle speed; 

therefore, operating with only kinematic conditions, which simplifies the study 

development and analysis. 

b) Determination of the GHG mass emissions rate reduction as a function of variable kinematic 

driving conditions, initial vehicle speed, vehicle speed reduction, and acceleration. 

c) An analysis of simulated results for the GHG mass emissions rate evolution for the defined 

kinematic driving conditions. 

• Description of the control system to ensure vehicle speed and acceleration are in line with 

traffic regulations and road conditions. The description includes a detailed explanation of the 

operational mode. 

• A section describing the benefits of the Artificial Intelligence implementation on the control 

process. 

• Validation of the proposed methodology through experimental tests. The experimental 

results for the different tests conducted under variable kinematic driving conditions, as 

dictated by the simulation process, are presented in this section. Tests are developed for 

different car engine types (gasoline, diesel, CNG, LPG). This section also includes the analysis 

of the experimental evaluation. 

4. Simulation 

The values derived from Equation 13 are approximate because the mathematical development 

neglects the dynamic terms associated with drag, rolling, and weight. We evaluate the deviation 

introduced by neglecting these terms by running a simulation for specific vehicle characteristics and 

driving conditions. We run a simulation under variable driving conditions to assess the reduction in 

the GHG emissions rate as vehicle speed lowers. The first simulation runs with an initial average 

vehicle speed of 45-70 km/h and a 15 km/h speed reduction; the second runs with a 10 km/h speed 

reduction. The speed reduction corresponds to the vehicle speed lowering to reduce GHG emissions. 
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Figure 2 shows the deviation from the simulation results for the two analyzed cases. Table 1 shows 

the vehicle characteristics and driving conditions. 

 

Figure 2 Deviation in the estimation of the GHG reduction coefficient when considering 

only kinematic driving conditions. 

Table 1 Vehicle characteristics and driving conditions. 

 mveh (kg) Cx S (m2) μ ρair (kg/m3) 

Value 1500 0.29 2.59 0.015 1.225 

We observe that the deviation increases as the average vehicle speed decreases. Nevertheless, 

it is within an acceptable range, with a maximum value of 5.8% and an average of 1.67%. Therefore, 

we operate without considering drag, rolling, and weight forces to determine the GHG emissions 

rate reduction. 

Using Equation 13, we can determine the GHG emissions rate reduction for the driving conditions 

mentioned above. Figure 3 shows the calculation results. 

 

Figure 3 GHG emissions rate reduction for variable kinematic driving conditions. 
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Repeating the calculation for accelerations, 1.2 m/s2, 2.4 m/s2, and 3.6 m/s2, we obtain the data 

shown in Figure 4 for the GHG emissions rate. 

 

Figure 4 Evolution of the GHG emissions rate coefficient in a daily journey for variable 

initial vehicle speed, vehicle speed reduction, and acceleration. 

We observe that the GHG emissions rate coefficient, RGHG, lowers as the acceleration increases. 

Comparing the average value of the RGHG coefficient for identical vehicle speed reduction but 

different acceleration rates, we obtain the following results (Table 2). 

Table 2 Evolution of the average GHG emissions rate coefficient in a daily journey for 

variable acceleration rate. 

Speed variation: 10 km/h 

Reference vehicle speed (km/h) 70 65 60 55 50 45 

a (m/s2) 

0 0.876 0.870 0.864 0.856 0.851 0.848 

1.2 0.755 0.684 0.615 0.551 0.491 0.435 

2.4 0.566 0.513 0.462 0.413 0.368 0.326 

3.6 0.378 0.342 0.308 0.275 0.245 0.218 

Speed variation: 15 km/h 

Reference vehicle speed (km/h) 70 65 60 55 50 45 

a (m/s2) 

0 0.815 0.807 0.798 0.789 0.784 0.782 

1.2 0.687 0.619 0.555 0.496 0.441 0.391 

2.4 0.515 0.464 0.416 0.372 0.331 0.293 

3.6 0.344 0.310 0.277 0.248 0.220 0.196 
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Comparing the data in Table 2, we can determine the influence of vehicle acceleration on the 

GHG emissions rate. Figure 5 shows the comparative analysis results. The drawn lines in Figure 5 

represent the increase in GHG emissions rate due to car acceleration, as indicated in the adjacent 

label for non-acceleration driving. 

 

Figure 5 Evolution of the GHG emissions coefficient ratio for various acceleration rates 

and vehicle speed reduction, 10 km/h (5a), and 15 km/h (5b). 

We observe that the acceleration influence on the GHG emissions rate increases as the vehicle 

speed lowers, which is in close agreement with the expected results since the engine power demand 

is higher at low velocities when compared with non-acceleration driving, requiring more fuel 

consumption and a higher GHG emissions rate. On the other hand, the acceleration's influence on 

the GHG emissions rate increases with acceleration, confirming that acceleration is more relevant 

than velocity. 

Analyzing data from Figure 5, we evaluate the comparative evolution in GHG emissions when the 

vehicle runs at different speeds and accelerations. Table 3 summarizes the analysis and presents 

the average value for each case. 

Table 3 Average increase in GHG emissions at different vehicle speeds, speed reduction, 

and acceleration. 

Speed variation: 10 km/h 

Acceleration (m/s2) ΔRGHG σ 

a = 0 → a = 1.2 31.8 11.9 

a = 0 → a = 2.4 48.8 8.9 

a = 0 → a = 3.6 65.9 6.0 

Speed variation: 15 km/h 

Acceleration (m/s2) ΔRGHG σ 

a = 0 → a = 1.2 33.4 11.7 

a = 0 → a = 2.4 50.0 8.8 

a = 0 → a = 3.6 66.7 5.8 

Table 3 shows that driving the vehicle in acceleration mode means an average increase in the 

GHG emissions rate from a minimum of 31.8% for 1.2 m/s2 acceleration to a maximum of 65.9% for 
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an acceleration of 3.6 m/s2, in the case of vehicle speed lowering of 10 km/h. For the case of vehicle 

speed reduction of 15 km/h, the GHG emissions rate increase varies in the range from 33.4% for the 

lowest acceleration, 1.2 m/s2, to 66.7% for the highest, 3.6 m/s2. The high standard deviation values 

indicate that we should use the average data as a reference over a daily journey, but not as an 

accurate value for GHG emissions evaluation. 

The above analysis supports the statement in the Introduction section that acceleration is more 

significant for GHG emissions than vehicle speed or speed reduction. 

5. Control System 

The vehicle's driving performance is managed by a control system that ensures speed and 

acceleration comply with traffic regulations and road conditions. A traffic sign recognition system is 

integrated directly with the control unit to support this function. Additionally, the car features cruise 

control, which allows the driver to set the speed to their preferred level. Acceleration is determined 

by the selected driving mode, with specific values set at 1.2 m/s2 for ECO mode, 2.4 m/s2 for 

NORMAL mode, and 3.6 m/s2 for SPORT mode. To achieve zero acceleration, the driver should 

choose super-ECO mode. This driving mode requires a specific installation in the vehicle driving 

mode configuration; the driver should activate it in ECO mode by pressing a button on the car 

dashboard. However, it is critical to note that while the driving mode establishes an acceleration 

limit, the actual acceleration value depends on how the driver manages the vehicle's operation. 

To ensure security in urban driving, the control system operates with a front detector linked to 

the control system, which reduces the vehicle’s speed if the distance to the car ahead is too close. 

The distance control system operates by calculating the time the vehicle would collide with the front 

car at the current driving speed in case of sudden braking; if the estimated time is above a setup 

threshold, the vehicle control system interacts with the cruise control and automatically sets up a 

lower speed to fulfill the expected security collision time, and activates the super-ECO mode, 

blocking the acceleration option, and limiting the velocity. 

Figure 6 shows the system operating flowchart. The control system operational mode works as 

follows: 

● The vehicle's front camera detects speed limit traffic signs. 

● The recognition system collects the information and sends it to the control system, which sets 

up the vehicle speed according to traffic regulations. 

● Once the vehicle speed is established, the control system activates the cruise control unit and 

opens the driving mode configuration. 

● The driver selects the wishing driving mode, ECO, NORMAL, or SPORT, and the control system 

automatically sets up the acceleration value. If the driver wants to circulate in zero-

acceleration mode, he should select ECO mode and press the super-ECO button. 

● The control system measures vehicle speed and acceleration, comparing the current with the 

setup velocity. If the values do not match, the control system reconfigures the acceleration 

value until the running velocity matches the setup value. At this moment, the control system 

collects information from the detection sensor and calculates the recommended velocity to 

maintain the security distance. If the vehicle runs at the security speed, the control system 

takes no further action; otherwise, it adjusts the setup velocity and restarts the checking 

protocol. 
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● Concerning the acceleration determination, the control system continuously evaluates the 

vehicle speed and applies the classical dynamic expression shown in Equation 4. The 

acceleration value is averaged over the testing time period. 

● The vehicle weight is considered constant over the entire testing period. 

● Although ambient temperature changes along the testing period, we consider its influence 

not significant on the vehicle performance, especially compared to the car speed and 

acceleration changes. 

 

Figure 6 Control system operational flowchart. 

Although the control system guarantees accurate data around established values with a narrow 

error margin, the driver should pay attention to the dashboard; unexpected changes in driving 

conditions may prompt the control system to modify the predicted setup values. In this case, the 

driver should operate the vehicle in manual mode, disabling the control protocol. Under these 

conditions, determining the GHG emissions is invalid. 

6. Artificial Intelligence Assistance 

Because the daily journey mostly follows a defined pattern, with similar or identical pathways 

and driving conditions, Artificial Intelligence (AI) is extremely useful in helping the control system 

manage vehicle driving conditions by anticipating actions it should take. Indeed, speed limit traffic 

signs do not change along specific urban pathways unless unexpected road conditions occur, such 

as maintenance labor or programmed repairs. In such a case, since the road work may last for a 
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prolonged time, the control protocol may be adapted to the new driving conditions, operating as 

usual with the new setup values. These new values should be adapted to the road conditions, 

limiting vehicle speed and acceleration. The results from the developed study in this paper no longer 

match, requiring new calculations for the new setup parameter values. 

Artificial Intelligence requires a learning period to establish the specific protocol to be used by 

the control system; therefore, the AI application is useless if the urban pathway and the driving 

conditions change frequently. In such a case, the AI uses a learning protocol based on the error 

function and additional test data to obtain accurate predictions used by the control system to 

manage vehicle driving conditions. Figure 7 shows the AI protocol flowchart. 

 

Figure 7 AI protocol flowchart. 

The AI protocol operates as follows: 

• AI collects information from registered data at the initial test (n = 1). 

• According to the setup protocol, AI predicts values for driving conditions at the selected urban 

zone (PV). 

• AI protocol compares the predicted and current values (CV) supplied by the control system; if 

both match, the AI protocol sends PV values to the control system to manage driving 

conditions under these operating conditions. 

• If predicted and current values do not match, the AI runs the error function, entering data 

into the learning protocol. It collects data from the following test (n = n + 1) and recalculates 

the predicted values until the error function reaches zero. At this point, the control system 

uses the most recent predicted values from the AI protocol to manage driving conditions. 

The most relevant section of the AI protocol operation is the value prediction for vehicle speed 

and acceleration for driving conditions at the selected urban zone. In current practice, the AI 

protocol predicts values based on the control system's reference database. Nevertheless, if driving 

conditions change, according to the standard values stored in the database, the AI applies a sub-

protocol for safer driving conditions and improved energy efficiency. The AI sub-protocol considers 
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traffic conditions based on the distance to the front driving car, calculated from the classical 

expression: 

𝑡𝑐 = 𝑑/𝑣𝑠 (17) 

where tc is the collision time, d is the distance to the front car, and vs is the current vehicle speed. 

The control system calculates the distance using the camera sensor on the car's front. 

AI classifies the traffic conditions in four categories: 

a) Traffic congestion (red zone) indicates that a collision may occur in less than 1.0 seconds, 

considering the distance and the current vehicle speed. 

b) Traffic speed restriction (yellow zone) if a collision may occur between 1.0 and 1.6 seconds. 

c) Traffic precautions (blue zone) if the collision may occur in the 1.6 to 2.5 second time range. 

d) Standard traffic (green zone) when the system does not expect any collision risk for 2.5 

seconds. 

Applying the error function definition: 

𝑒𝑟𝑓(𝑥) =
2

√𝜋
∫ 𝑒−𝑡2

Δ𝑣

0

𝑑𝑡 (18) 

Δv represents the difference between the current and expected value for the vehicle speed, defined 

by the expression: 

𝛥𝑣 =
𝑃

𝑚
(𝑡𝑟𝑒𝑓

𝑚𝑎𝑥)
2

(19) 

P and m are the vehicle driving power and mass, and 𝑡𝑟𝑒𝑓
𝑚𝑎𝑥  is the limit for the time range 

corresponding to the traffic conditions category. 

The expected vehicle speed corresponds to the predicted value under conventional driving 

conditions, and it is the value determined by the AI protocol when applying the new traffic 

conditions. 

The AI protocol applies the algorithms described by Equations 18 and 19 to minimize the error 

function iteratively until the most suitable car velocity that maintains a safe vehicle speed is reached. 

The vehicle speed values obtained under the new traffic conditions are stored in the control 

system database and used by the AI protocol to learn from variable traffic conditions; therefore, the 

AI protocol is adaptive to changes in driving behavior driven by traffic conditions. 

7. Experimental Validation 

Because measuring GHG emissions in running cars is almost impossible, we validate theoretical 

predictions from the simulation process through fuel consumption. To this goal, we drive cars 

powered by different engine types: gasoline, diesel, CNG, and LPG. Tests run in a daily round-trip 

distance of 25 km. The test duration is eight consecutive months, with four tests daily, one for each 

engine type. We repeat the test under identical driving conditions five times to ensure consistent 

results. Daily tests for specific engine types rotate to ensure that city driving conditions are tested 
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identically; therefore, the engine test sequence is as shown in Table 4. The test sequence order 

warrants that all engines run on the same day hours during the four-day testing cycle. 

Table 4 Daily sequence order for engine test. 

Day Gasoline Diesel CNG LPG 

1 First Second Third Fourth 

2 Fourth First Second Third 

3 Third Fourth First Second 

4 Second Third Fourth First 

We control the vehicle speed through the cruise control system and the acceleration value, and 

measure the initial and final velocity in the time interval during which the vehicle accelerates. Figure 

8 and Figure 9 show the results from the experimental tests. 
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Figure 8 (Case a and Case b) Correlation between theoretical values (RGHG) and 

experimental data (fuel ratio) for gasoline and diesel combustion engine types, vehicle 

speed, and acceleration rate at vehicle speed reduction: 10 km/h. (1: a = 0 m/s2; 2: a = 

1.2 m/s2; 3: a = 2.4 m/s2; 4: a = 3.6 m/s2). 
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Figure 9 (Case c and Case d) Correlation between theoretical values (RGHG) and 

experimental data (fuel ratio) for CNG and LPG combustion engine types, vehicle speed, 

and acceleration rate at vehicle speed reduction: 10 km/h. (1: a = 0 m/s2; 2: a = 1.2 m/s2; 

3: a = 2.4 m/s2; 4: a = 3.6 m/s2). 
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The continuous line in Figure 8 and Figure 9 show the predicted evaluation of the GHG emissions 

rate coefficient evolution as a function of the initial vehicle speed for different acceleration rates. 

The values shown in Figure 8 and Figure 9 correspond to the theoretically predicted RGHG coefficient. 

Since GHG emissions are directly related to fuel consumption, we can assume that the fuel ratio 

represents the relationships between GHG emissions at the initial and reduced vehicle speeds; 

therefore, the correlation between the fuel ratio and the RGHG coefficient is expected. 

We observe close agreement between theoretical values and experimental data across all engine 

types, initial vehicle speed ranges, speed variations, and acceleration rates, with low deviations at 

low vehicle speeds, and acceleration modes for gasoline and diesel engines. The deviation vanishes 

when we deal with gasified fuels, CNG, and LPG, meaning that the model's theoretical predictions 

work more accurately with these fuel types. On the other hand, the low deviation does not preclude 

validation of the proposed methodology for evaluating fuel consumption and GHG emissions. 

We observe the experimental tests under identical driving conditions except for the vehicle 

speed reduction, set to 15 km/h for this second test group. Figure 10 and Figure 11 show the 

correlation between theoretical predictions and experimental data for the new driving conditions. 



Adv Environ Eng Res 2025; 6(4), doi:10.21926/aeer.2504033 
 

Page 19/27 

 

Figure 10 (Case a and Case b) Correlation between theoretical values (RGHG) and 

experimental data (fuel ratio) for gasoline and diesel combustion engine types, vehicle 

speed, and acceleration rate at vehicle speed reduction: 15 km/h. (1: a = 0 m/s2; 2: a = 

1.2 m/s2; 3: a = 2.4 m/s2; 4: a = 3.6 m/s2). 
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Figure 11 (Case c and Case d) Correlation between theoretical values (RGHG) and 

experimental data (fuel ratio) for CNG and LPG combustion engine types, vehicle speed, 

and acceleration rate at vehicle speed reduction: 15 km/h. (1: a = 0 m/s2; 2: a = 1.2 m/s2; 

3: a = 2.4 m/s2; 4: a = 3.6 m/s2). 
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We observe that the correlation for vehicle speed reductions of 10 and 15 km/h shows a similar 

behavior, with close agreement between theoretical prediction (RGHG) and the experimental data 

(fuel ratio). We also notice that the experimental data diverge from the theoretical prediction for 

an initial vehicle speed lower than 50 km/h, probably due to the control system’s inaccuracy in 

calculating the fuel consumption under current driving conditions. Nevertheless, we evaluate the 

standard deviation for every initial vehicle speed to determine how significant the deviation is 

between the theoretical prediction and the experimental data. Table 5 shows the calculation results. 

Table 5 Standard deviation for the correlation between theoretical data and 

experimental values for various engine types and acceleration rate. 

 Acceleration rate (m/s2) 

Engine type 0 1.2 2.4 3.6 

Gasoline 0.012 0.010 0.010 0.010 

Diesel 0.011 0.091 0.074 0.065 

CNG 0.009 0.144 0.081 0.060 

LPG 0.030 0.128 0.078 0.055 

We observe an excellent match for the gasoline engine at any acceleration rate. For diesel, GNC, 

and LPG, the standard deviation increases for vehicle acceleration, although the values remain low; 

therefore, we can validate the accuracy of the prediction method. 

The higher deviation in diesel and gas-fueled engines may be due to the different performance 

of these types of engines compared to a gasoline motor. A gasoline engine accelerates faster than 

a diesel engine due to a quicker combustion process and a higher rev range. While gasoline engines 

use a spark to ignite, which is a faster process, diesel engines rely on high compression for self-

ignition, a slower process that generates more torque at low revs but limits acceleration. Analyzing 

the GHG emissions rate evolution with engine type for variable average vehicle speed and 

acceleration rate, we obtain (Figure 12): 
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Figure 12 GHG emissions rate evolution with engine type for variable average vehicle 

speed and acceleration rate. (a: a = 0 m/s2; b: a = 1.2 m/s2; c: a = 2.4 m/s2; d: a = 3.6 

m/s2). 

Data in Figure 12 illustrates the GHG ratio between experimental values and theoretical 

predictions. We observe that the GHG emission ratio decreases as average vehicle speed increases, 

reaching a point of stabilization at 57.5 km/h, where it maintains its lowest value. This trend is 

consistent across all acceleration situations, except for the case of null acceleration, which displays 

a different pattern. When examining gasoline and CNG engines, the GHG ratio fluctuates around an 

average value. In contrast, the diesel engine experiences a slight decrease with rising average 

vehicle speed, while the LPG engine demonstrates a rapid increase in GHG emissions as car velocity 

increases. 

GHG ratio decreases linearly with increasing average vehicle speed until 57.5 km/h; from this 

point on, the ratio remains constant at 1.015. This situation is only applicable to the acceleration 

mode because when the acceleration is null, the GHG ratio evolves differently for every engine type, 

as mentioned before. The linear decrease in the GHG ratio indicates that theoretical prediction 

accuracy increases with average vehicle speed up to 57.5 km/h, after which it remains constant at 

its highest value, 98.5%. 

8. Conclusions 

Theoretical simulation predicts an increase in the GHG emissions rate due to the higher fuel 

consumption. The increase depends on the engine type, average vehicle speed, speed reduction, 

and acceleration rate. For null acceleration and speed reduction of 10 km/h, the GHG emissions rate 

reduction varies from a minimum of 12.4% for an average speed of 70 km/h to a maximum of 15.2% 

for an average car velocity of 45 km/h. The reduction is higher if the speed reduction increases to 
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15 km/h, with a decrease of 18.5% for 70 km/h and 21.8% for 45 km/h. Averaging over the vehicle 

speed range, the reduction for a 10 km/h decrease in vehicle speed is 14.9%, while for a 15 km/h 

decrease is 20.4%. 

For higher acceleration values, the GHG emissions rate increases from a minimum of 31.8% at 

1.2 m/s2 to a maximum of 65.9% at 3.6 m/s2, in the case of a vehicle speed lowering of 10 km/h. For 

the case of vehicle speed reduction of 15 km/h, the GHG emissions rate increase varies in the range 

from 33.4% for the lowest acceleration, 1.2 m/s2, to 66.7% for the highest, 3.6 m/s2. 

Experimental tests, run under identical driving conditions to the simulation cases, show a close 

agreement with theoretical prediction, with the standard deviation of 0.010-0.144, resulting in a 

global average deviation of 0.054. The low standard deviation supports the theoretical prediction 

with an accuracy greater than 98.2%. 

The GHG emissions ratio between experimental values and theoretical predictions reduces 

linearly with increasing average vehicle speed up to 57.5 km/h. From this point on, the ratio remains 

constant at its minimum value of 1.015, corresponding to a prediction accuracy of 98.5%. 

Future work focuses on applying Artificial Intelligence to the automatic vehicle speed control 

using the car front camera and traffic signs to adapt the vehicle speed to the traffic speed limit, and 

sensors in the front side of the car to regulate vehicle acceleration by means of the distance 

between the vehicle in question and the one traveling just in front. 
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