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Abstract

:

At present, digital maps can estimate the travel time of each trip’s route but cannot offer a fuel consumption estimation at the same time. In this paper, we develop a fuel consumption model based on the Vehicle Specific Power (VSP) distribution, which can connect the traffic condition prediction with the fuel consumption model to predict fuel consumption. First, the traffic condition forecasting and the trip time of each route can be obtained through the digital map Application Programming Interface (API). Secondly, the users need to provide the engine displacement of their vehicles to match the fuel consumption model. Then, the fuel consumption prediction application based on Android is developed to forecast the fuel consumption by using traffic prediction data. Finally, the fuel consumption provided by the On-Board Diagnostic (OBD) data is used to verify the proposed application, and the forecasting error is less than 20%.
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1. Introduction


With the development of digital maps and mobile internet, drivers rely increasingly on route guidance services, which can tell drivers the predicted trip time of each route. However, currently, there is no fuel consumption prediction to help drivers select the most fuel-efficient route. The aim of this study is to develop a fuel consumption prediction model by combining digital maps with traditional fuel consumption models.



The traditional fuel consumption models can be divided into two types: statistical fuel consumption models and theoretical fuel consumption models. The statistical fuel consumption model focuses on the statistical properties of fuel consumption data and vehicle activity data (speed and acceleration), whereas the theoretical fuel consumption model pays more attention to the characteristics of the vehicle’s operation, such as the engine parameters and vehicle output power [1,2,3]. The theoretical model requires complex and difficult model input which has closed physical relationships with the vehicle fuel consumption. Therefore, the theoretical model shows higher accuracy and lower applicability. According to the parameters which are used in fuel consumption models, the model can be classified as a fuel consumption model based on speed-acceleration statistics [4], a fuel consumption model based on operating mode decomposition [5,6] or a power demand model [7,8,9]. In general, the statistical model based on speed-acceleration is the most simple and intuitive, but the disadvantage is that it does not differentiate the vehicle operating mode, which leads to a larger error in the fuel consumption calculation. The operating mode decomposition model has a satisfactory result in calculating the fuel consumption of a long trip, but it has poor performance in gaining accurate fuel consumption for a short trip whose distance is shorter than 4 km [10]. In recent years, a power demand parameter, Vehicle Specific Power (VSP), based on vehicle speed and acceleration, has been developed and can be used to describe the power of the vehicle during the actual driving process. It has a strong correlation with the vehicle fuel consumption and emissions [11]. The distribution of VSP can better reflect the different vehicle operating modes; thus, this model based on power demand is widely used [12,13,14].



On the other hand, the traditional fuel consumption model is used to calculate the fuel consumption when the trip data are already known [15,16]; it cannot forecast the fuel consumption before the trip. Xiang et al. [17] took the trip time and intersection distance as research parameters, constructing a macroscopic model of fuel consumption and provide a basic prediction method.



Most the smartphone research on transportation is based on the diversity and breadth of the smartphone data. This includes some calculation of instantaneous fuel consumption [18], keeping the equilibrium of road traffic flow by using the information shared by smartphone [19] and testing the accuracy of the certified fuel consumption level [20].



In this paper, the traffic condition prediction and fuel consumption models are important elements of realizing fuel consumption prediction. Furthermore, the VSP distribution is the key to connecting these two elements. The final representation form is a smartphone application.




2. Data Collection and Processing


2.1. Data Source


In this paper, the On-Board Diagnostic (OBD) collector we used is Y-BOX300, as shown in Figure 1. It is plugged into the tested vehicles’ OBD socket to collect vehicle trip data and trajectory data. The trip data include the average speed, distance, time, and fuel consumption of each trip, and the location data, i.e., the trip origin and destination. The vehicle trajectory data involves second-by-second fuel consumption data, instantaneous speed data and GPS data. The two types of data are shown in Table 1 and Table 2.



Table 3 indicates the time, location and size of data.



Among these, each of the 143 vehicles has more than one trip record. In this study, all the tested vehicles are light-duty vehicles in Beijing; we only used gasoline vehicles because light-duty diesel vehicles are forbidden in Beijing.




2.2. Data Quality Control


The following data process is applied to clean the abnormal data:

	
Eliminating the data with a fuel consumption greater than 100 mL per second according to the fuel consumption information of track data because the proportion of data on vehicles whose fuel consumption is more than 100 mL per second is less than 0.1%.



	
Eliminating the data with a speed greater than 40 m per second based on the distance stamp information of the track data because the proportion of data on vehicles whose speed is more than 40 m per second is less than 0.1%.










3. Methodology


3.1. Division Speed Interval


The fuel consumption prediction model is based on the traffic condition predictions of the digital map. Given that the digital map can only predict a vehicle’s operating mode over a time span, not on a second-by-second basis, all the vehicle trajectory data and fuel consumption data will be divided into many segments, which contain 60 s of continuous data. Then the average speed of each segment can be calculated by Equation (1).


V¯=ST=3.6×∑i=160vi60,



(1)




where V¯ is the average trip speed in the unit of km/h, S is the trip distance in the unit of km, T is the driving time in the unit of h, and vi is the speed of the i-th second in the unit of m/s.



The traffic condition prediction is captured through the Application Programming Interface (API) of a digital map, which divides the traffic conditions into four types. Hence, the data segments are divided into four groups to match the traffic condition predictions according to the average speed of each segment. Table 4 shows the correspondences.




3.2. Calculation of VSP and Determination of VSP Bin


Created by Song and Yu [21], the formula for calculating the VSP in urban roads appears in Equation (2). In this formula, we do not consider the gradient of the slope on the road because the data collection was done in Beijing in the North China Plain:


VSP=v×(1.1a+0.132)+0.000302×v3



(2)




where VSP is the vehicle specific power in the unit of kW/ton, v is the instantaneous speed in the unit of m/s, and a is the acceleration in the unit of m/s2.



Based on the equation, the instantaneous speed v and the instantaneous acceleration a are used to calculate the instantaneous VSP; v and a can be obtained from the vehicle trajectory data.



To analyze the relationship between VSP and fuel consumption, cluster analysis is applied in VSP, by dividing VSP into several intervals called VSP bin. The time ratio of a vehicle under each VSP bin within a certain time is called VSP distribution.



The existing research of VSP puts forward a variety of VSP interval partition methods to simplify the computation [22,23]. In this study, VSP distribution can be obtained (Figure 2) after the calculations of VSP are implemented in Equation (2). Previous studies [20,21] showed that the distribution of VSP value is concentrated at –2019 kW/ton. To avoid any bias being incorporated into the VSP binning, an interval of 1 kW/ton is used. The binning method is written in Equation (3):


VSP∈[i,i+1], VSP bin=i (i is the integer between −1 and 19)



(3)








3.3. VSP Distribution at Different Speed Intervals


According to Song and Yu’s research [21], when the average trip speed is larger than 20 km/h, the distribution of the VSP fits well with the normal distribution. The probability density function is


f(vsp)=1σ2πe(vsp−μ)22σ2,



(4)






μ=0.132×v¯+0.000302×v¯3,



(5)






σ=0.832×v¯0.3961,



(6)




where μ is the mean of distribution and σ is the standard deviation of the distribution. Both μ and σ can be calculated according to the average speed v¯ in each speed interval.



The trajectory data in different speed intervals are used to calculate the VSP distribution and the results are shown in Figure 3.



When the average trip speed is less than 20 km/h, the ratio of VSP = 0 is larger than that of other regions, which does not conform to the normal distribution. Thus, according to historical On-Board Diagnostic (OBD) data, we obtained the distribution shown in Figure 4.




3.4. The Model of VSP-Fuel Consumption in Different Speed Intervals


It was proven that VSP has a strong correlation with fuel consumption. Figure 5 presents a scatter diagram of VSP-fuel consumption rate and it can be seen that there is an obvious change trend when VSP equals 0. Thus, the unified regression model of all VSP data cannot well reflect the relationship between VSP and fuel consumption. In this paper, the data in different speed intervals are divided into two parts according to VSP (greater than zero or less than zero), and the VSP and fuel consumption rate are analyzed by regression analysis. In addition, to reduce the scatter of fuel consumption rate in each VSP bin, the average fuel consumption rate corresponding to each VSP bin is calculated. Because the data processing methods in these two conditions (VSP > 0 and VSP < 0) are the same, only the regression analysis results when VSP > 0 are shown in Figure 6. Further, the correlation coefficients are above 0.9.



For Figure 6, linear regression was a good method to solve the consumption model. The fuel consumption model is described concretely from Equation (7):


FC=a∗vsp+b



(7)







FC is the fuel consumption rate in different VSP regions, and a and b are the regression coefficients. It is known that the fuel consumption rates of different vehicle types are significantly different, even under the same traffic conditions and operating mode. Many factors, such as the vehicle weight, engine displacement, and model year, affect the level of fuel consumption. Considering the limitations of the OBD data dimension in this paper, engine displacement is applied to differentiate the vehicle types. Then the OBD data are divided according to the interval of engine displacement in Table 5.



If the vehicle has turbocharged engines, it would be put in the higher interval. For example, the vehicle with a 2.0-L turbocharged engine will belong to interval 3.



After data partitioning, the coefficient a and b of Equation (7) can be obtained through the calculation of different engine displacement intervals and different speed intervals, as shown in Table 6.




3.5. Fuel Consumption Rate in Different Speed Intervals and Engine Displacement Intervals


After the construction of VSP distribution and fuel consumption model at different speed intervals, the fuel consumption rate in each speed interval is calculated according to Equation (8).


Fk=∑i=−2020FCi×Bini,



(8)




where Fk is the rate of fuel consumption in the speed interval of k in the unit of mL/s, FCi is the rate of fuel consumption in the VSP interval of i in the unit of mL/s, and Bini is the distribution of i-th VSP interval in the kth speed interval.



After calculation, the fuel consumption rates in each speed interval and engine displacement intervals are recorded, as shown in Table 7.





4. Development and Verification of Application


4.1. Fuel Consumption Prediction Application Interface and Functions


In order to realize the fuel consumption model proposed above, a smartphone application based on Android was developed. The application is used to gain specific trip information and offer the fuel consumption prediction of each route.



The users need to enter the details of their engine displacement, and the origin and destination, then the trip time in different speed intervals of each route can be obtained through the API of the Baidu Map (a digital map in China), and the fuel consumption prediction can be served by the proposed model. The flow chart of the fuel consumption prediction is shown in Figure 7. It includes three parts, the mobile phone program, the server and the network communication between them. Mobile phone programs are used to interact with users, such as by obtaining the trip paths selected by users and displaying the fuel consumption prediction. The server is used to calculate fuel consumption. The transmission contents between mobile phones and the server are trip paths selected by users and the fuel consumption prediction. Figure 8 shows the interface of the application: the selection of the origin and destination, the selection of trip paths, and the corresponding fuel consumption prediction.




4.2. Error Analysis


According to some existing research, the difference between the fuel consumption data calculated from the OBD data and the measured fuel consumption data is acceptable [24,25]. Thus, in order to verify the accuracy of the model, three trips are selected randomly in each interval of engine displacement from OBD data. There is a total of 12 trips’ fuel consumption data used to verify the proposed application. Table 8 shows the results.



Overall, it can be seen that the average error of the VSP distributed fuel consumption model can be controlled at 20%. The trips with an error higher than 15% are analyzed concretely and results are shown in Table 9. It can be seen that the time proportion of the low-speed intervals is large on these trips. Considering the irregularity of the VSP distribution in the low-speed interval, it is difficult to distinguish the idle state from the low-speed driving state in the prediction, which leads to a large error.





5. Conclusions


According to error analysis, the error of fuel consumption prediction is high when the time proportion of the low-speed interval is large. This phenomenon proves the irregular form of the VSP distribution when the average trip speed is lower than 20 km/h. Overall, the error of the proposed model is less than 20%.



As a fuel consumption prediction model, an error of 20% is larger than that in the traditional fuel consumption model. However, it can match all kinds of vehicle operating modes defined by the digital map because the input of the model is only the driving time of each speed interval. According to the time information provided by the digital map, the fuel consumption can be predicted.



The model year of the vehicle also has a great influence on fuel consumption, which is not taken into account in the proposed model. In future research, the data dimension can be enriched and the parameter and year of the vehicle can be used as correction factors to improve the accuracy of the fuel consumption prediction. Additionally, in the field of automotive engineering, there is a significant difference in the running mechanism of the engine between cold and hot starts so that the impact on the fuel consumption is also worth paying attention to. In addition, the OBD data is treated as real in the error analysis although some research has proven that the difference between the fuel consumption data calculated from the OBD data and the measured fuel consumption data is acceptable. Nonetheless, it is still the main limitation of this research. Therefore, if the data sources are more abundant in the future, the error of the fuel consumption prediction model can be further explored. The real fuel consumption could also be used as the correction factor to improve the prediction accuracy.
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Figure 1. The Y-BOX300. 
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Figure 2. The Vehicle Specific Power (VSP) distribution. 
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Figure 3. The Vehicle Specific Power distribution at different speed intervals. 
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Figure 4. The Vehicle Specific Power distribution in the speed interval under 20 km/h. 
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Figure 5. The VSP-fuel consumption scatter plot. 
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Figure 6. The regression results after the cluster analysis of the VSP bin. 
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Figure 7. The specific flow chart of the fuel consumption predictions. 






Figure 7. The specific flow chart of the fuel consumption predictions.



[image: Applsci 09 01369 g007]







[image: Applsci 09 01369 g008 550]





Figure 8. The application interface. 
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Table 1. The sample of the trajectory data.






Table 1. The sample of the trajectory data.





	Trip ID
	Time Stamp (Second)
	Distance Stamp (m)
	Fuel Stamp (mL)
	Instantaneous Speed (km/h)
	Longitude
	Latitude
	Time





	300035670019
	555
	6055
	4150
	62
	116.3853
	39.9670
	1 October 2019 20:39:54



	300035670019
	556
	6072
	4154
	61
	116.3853
	39.9670
	1 October 2019 20:39:55









Table 2. The sample of the trip data.
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 (a)






 (a)





	Trip ID
	Vehicle ID
	Start Time
	Off Time
	Start Longitude
	Start Latitude





	300040001026
	1f0ba1db-1790…
	23 October 18:48:14
	23 October 18:59:04
	116.4190498
	39.8804229



	300040162728
	1f0ba1db-1790…
	24 October 17:00:51
	24 October 17:30:41
	116.347289
	39.9708974
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 (b)






 (b)





	Off Longitude
	Off Latitude
	Trip Time (s)
	Trip Distance (m)
	Trip Fuel (L)
	Fuel per 100 km (mL)
	Trip Average Speed (km/h)
	Engine Displacement





	116.446979
	39.8956057
	650
	6653
	0.696
	1046
	36.85
	3.0 L



	116.3598674
	39.9055488
	1790
	10,051
	1.607
	1600
	20.21
	3.0 L
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Table 3. The general information about the data.
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	Collection Time
	Collection Location
	Data Size
	Number of Vehicles





	October 2019
	Beijing China
	5,000,000
	143
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Table 4. The correspondences between the speed interval and traffic conditions prediction.
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	Speed Interval
	Status
	The Color of Digital Map





	0–20 km/h
	Idling
	Russetish



	20–40 km/h
	Follow up
	Red



	40–60 km/h
	Unimpeded
	Yellow



	60+ km/h
	High speed
	Green
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Table 5. The intervals of engine displacement.






Table 5. The intervals of engine displacement.





	Interval
	Engine Displacement





	1
	(0,1.6)



	2
	[1.6,2.5)



	3
	[2.5,4)



	4
	≥4
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Table 6. The model parameters.






Table 6. The model parameters.





	
Engine Displacement Interval

	
Speed Interval (km/h)

	
a

	
b

	
R2






	
(0,1.6)

	
≤20

	
0.81

	
4.82

	
0.95




	
20–40

	
0.72

	
4.97

	
0.97




	
40–60

	
0.59

	
5.46

	
0.97




	
60+

	
0.71

	
5.77

	
0.98




	
(1.6,2.5)

	
≤20

	
1.62

	
3.21

	
0.99




	
20–40

	
1.40

	
3.87

	
0.99




	
40–60

	
1.22

	
4.20

	
0.98




	
60+

	
0.92

	
7.47

	
0.98




	
(2.5,4)

	
≤20

	
1.54

	
8.78

	
0.92




	
20–40

	
1.63

	
4.53

	
0.99




	
40–60

	
1.41

	
4.67

	
0.99




	
60+

	
1.11

	
7.22

	
0.98




	
≥4

	
≤20

	
1.56

	
9.29

	
0.82




	
20–40

	
2.10

	
7.86

	
0.98




	
40–60

	
1.95

	
6.30

	
0.97




	
60+

	
1.62

	
8.21

	
0.96
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Table 7. The fuel consumption rates in each speed interval and engine displacement interval.
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Engine Displacement Interval

	
Speed Interval (km/h)

	
The Rate of Fuel Consumption (mL/s)






	
(0,1.6)

	
≤20

	
0.532




	
20–40

	
0.618




	
40–60

	
0.732




	
60+

	
0.984




	
[1.6,2.5)

	
≤20

	
0.474




	
20–40

	
0.694




	
40–60

	
0.858




	
60+

	
1.298




	
[2.5,4)

	
≤20

	
0.993




	
20–40

	
0.81




	
40–60

	
0.978




	
60+

	
1.423




	
≥4

	
≤20

	
0.988




	
20–40

	
1.181




	
40–60

	
1.359




	
60+

	
1.679










Table 8. Comparisons of fuel consumption.
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 (a) The engine displacement interval 1 (0,1.6).






 (a) The engine displacement interval 1 (0,1.6).





	Trip ID
	OBD Data of Fuel Consumption (mL)
	VSP Distributed Fuel Consumption Model (mL)





	Tripid#1
	4202.1
	3970.1



	Error
	0%
	5.52%



	Tripid#2
	593.7
	573.6



	Error
	0%
	3.38%



	Tripid#3
	177
	195.1



	Error
	0%
	10.19%
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 (b) The engine displacement interval 2 (1.6,2.5).






 (b) The engine displacement interval 2 (1.6,2.5).





	Trip ID
	OBD Data of Fuel Consumption (mL)
	VSP Distributed Fuel Consumption Model (mL)





	Tripid#4
	4936.1
	5849



	Error
	0%
	18.49%



	Tripid#5
	1913.2
	1858



	Error
	0%
	2.89%



	Tripid#6
	3652.4
	4291.4



	Error
	0%
	17.50%
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 (c) The engine displacement interval 3 (2.5,4).






 (c) The engine displacement interval 3 (2.5,4).





	Trip ID
	OBD Data of Fuel Consumption (mL)
	VSP Distributed Fuel Consumption Model (mL)





	Tripid#7
	3173.9
	3912.7



	Error
	0%
	23.28%



	Tripid#8
	3332.3
	3286.3



	Error
	0%
	1.38%



	Tripid#9
	3450.5
	3277.5



	Error
	0%
	5.01%
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 (d) The engine displacement interval 4 (≥4).






 (d) The engine displacement interval 4 (≥4).





	Trip ID
	OBD Data of Fuel Consumption (mL)
	VSP Distributed Fuel Consumption Model (mL)





	Tripid#10
	1117.7
	1102.2



	Error
	0%
	1.39%



	Tripid#11
	4951.7
	4369.8



	Error
	0%
	11.75%



	Tripid#12
	46,709
	60,963



	Error
	0%
	30.52%
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Table 9. The comparison of time proportion.






Table 9. The comparison of time proportion.





	Trip ID
	Total Trip Time (s)
	Trip Time under the Low-Speed Interval (s)
	Time Proportion of the Low-Speed Interval





	Tripid#4
	8608
	4288
	49.81%



	Tripid#6
	7207
	4087
	56.71%



	Tripid#7
	4168
	2368
	56.81%



	Tripid#12
	5527
	3367
	60.92%
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