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Abstract 

Speed prediction is fundamental to optimizing energy management strategies. Common evaluation 

metrics such as RMSE and MAE focus primarily on the numerical deviation between predicted and 

actual speeds. However, when applied to hybrid vehicle energy management strategy optimization, 

speed prediction models based on these metrics show a random deviation between energy 

consumption results and the theoretical optimal, indicating that these metrics are not effective in this 

application domain. To explore a more effective method for evaluating the practical application of 

speed prediction curves, this study uses multiple metrics to assess numerous speed prediction curves 

and analyses the correlation between each metric and the deviation from the optimal energy 

consumption during energy management strategy optimization. The results show that considering 

acceleration is more aligned with the needs of energy management strategy optimization than merely 

evaluating the proximity of speed values. Specifically, the standard deviation of the acceleration time 

ratio deviation performs better than traditional metrics like RMSE and MAE in distinguishing the 

effectiveness of speed prediction curves. The smaller the standard deviation of the acceleration time 

ratio deviation between the predicted and actual speed curves, the closer the energy consumption 

results of energy management based on the predicted speed curve are to the theoretical optimal. 

Keywords: vehicle speed prediction; Predictive validity; energy management; evaluation indicators; 

correlation analysis 

 

1. Introduction 

Vehicle speed prediction is the process of estimating or forecasting changes in vehicle speed over 

a future period by analyzing historical data, traffic flow models, and other relevant factors. Vehicle 

speed prediction information is the core foundation of vehicle predictive control technology and has 

broad application prospects in powertrain optimization and vehicle behavior optimization [1]. 

The development of machine learning and deep learning technologies has promoted the 

advancement of vehicle speed prediction methods [2]. Based on data-driven and deep learning 

approaches, various vehicle speed prediction models have been developed [3], which have effectively 

improved the insufficient accuracy of classical time-series prediction methods in vehicle speed 

prediction [4]. However, when applying vehicle speed prediction information to the predictive 

control of vehicles and powertrains, it is found that different application domains have different 

requirements for the results of vehicle speed prediction. In the optimization of hybrid system energy 

management strategies, the vehicle speed value represents the current energy demand state of the 

vehicle, while acceleration characterizes the change in the energy demand state. Both are crucial for 

hybrid energy management. Therefore, it is not only required that the predicted speed curve has a 

small overall numerical deviation from the actual speed curve but also that it can accurately predict 

the changing trend of vehicle speed [5]. However, existing indicators used to evaluate the effect of 

vehicle speed prediction, such as RMSE and MAE, only assess the distance between the predicted 
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speed values and the actual values [6] and cannot reflect the characteristics of the changing trend of 

vehicle speed. Figure 1 shows a comparison of the shapes of two predicted speed curves with the 

same MAE (both 0.184 km/h) relative to the actual speed curve. It is evident that predicted speed 

curve 2 is closer to the actual speed curve in terms of shape similarity. The reason for this 

phenomenon is that when calculating MAE, only the numerical difference between the two curves at 

each moment is considered, completely ignoring the degree of shape similarity between the speed 

curves. In predictive energy management strategies, the main value of the predicted speed curve is 

to adjust the selection and distribution of power links based on it to reduce energy consumption [7]. 

This leads to the problem that the optimal predicted speed curve evaluated based on MAE may result 

in poor energy consumption performance or even a significant deviation from the theoretical optimal 

value when applied to the predictive energy management of vehicle powertrains. Similar situations 

also occur when using RMSE and R² for evaluation. Therefore, evaluation indicators that rely solely 

on the numerical distance between curves without considering the application background of 

predictive energy management have similar issues. To address the gap between this application 

demand and the capability of existing evaluation indicators, it is necessary to conduct an in-depth 

analysis of whether there is a stable trend consistency between the deviation of energy consumption 

from the theoretical optimal energy consumption after applying the predicted speed curves 

developed based on various evaluation indicators to the power distribution of energy management 

strategies and the values of each evaluation indicator. Furthermore, it is essential to explore more 

reasonable evaluation indicators that meet the needs of energy consumption optimization, that is, to 

carry out research on the effectiveness evaluation method of vehicle speed prediction. 

 

Figure 1. 10s' speed segment on a data set. 

2. Introduction to the Research Method for Evaluating the Effectiveness of 

Predicted Vehicle Speed Curves 

2.1. Overall Framework of the Research Method 

The work of evaluating the effectiveness of predicted vehicle speed curves includes three steps: 

1) obtaining predicted vehicle speed curves from different vehicle speed predictors to form basic 

data; 2) establishing an objective evaluation method for the application effect of predicted vehicle 

speed curves; 3) evaluating the effectiveness of the evaluation indicators used in the development of 

the current predicted speed curves based on the correlation analysis results between the application 

effect of the predicted speed curves and the evaluation indicators of the predicted curves; 4) exploring 

more effective evaluation indicators for use in the research of predictive energy management 

strategies. 
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The logical framework of the research work is shown in Figure 2, and the specific content of each 

work step is described as follows. 

 

Figure 2. Research content framework diagram. 

Obtaining predicted speed curves with different prediction levels is the basis of this study. To 

construct a relatively fair comparison basis, the development of vehicle speed prediction models was 

carried out based on a passenger car driving database provided by a cooperative enterprise. This 

database includes information such as vehicle speed, acceleration, and pedal opening. A variety of 

constructed vehicle speed predictors were trained using this information, and the introduction of 

each vehicle speed predictor is provided in Section 2.2.1. 

To avoid the impact of differences in the capabilities of energy management strategies 

themselves on the effect of energy consumption optimization during the process of optimizing 

powertrain energy distribution, in this study, dynamic programming algorithm and rolling 

optimization algorithm were used for energy management of the powertrain based on the actual 

speed curve and the predicted speed curve, respectively. The specific descriptions of these two 

optimization algorithms are given in Section 2.3.2. These two optimization algorithms can calculate 

the theoretical optimal energy consumption when energy management is performed using the actual 

speed curve and the execution energy consumption when energy management is performed using 

the predicted speed curve, respectively. Then, the relative energy consumption deviation is 

calculated based on the deviation between the theoretical optimal energy consumption and the 

execution energy consumption. The relative energy consumption deviation is used to characterize 

the effectiveness of the predicted speed curve, thereby reducing the impact of the energy 

management strategy during the research process. The definition of the relative energy consumption 

deviation is provided in Section 2.3.3. 

Correlation analysis was conducted between the values of different evaluation indicators 

corresponding to the predicted speed curves and the relative energy consumption deviation to 

evaluate the effectiveness of the currently used evaluation indicators for predicted speed curves. On 

this basis, further exploration was made into highly effective evaluation indicators for predicted 

speed curves for use in the research of predictive energy management strategies. 

2.2. Preparation of Predicted Vehicle Speed Curves 

To obtain predicted vehicle speed curves, data was collected from a certain commuting route for 

7 days, with a daily driving distance of 52 ± 1 km. These routes were randomly selected as target 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 December 2025 doi:10.20944/preprints202512.0211.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.0211.v1
http://creativecommons.org/licenses/by/4.0/


 4 of 17 

 

speed curves, and corresponding predicted speed curves were obtained through trained LSTM[8], 

GRU[9], and TCN[10] speed predictors, respectively. 

2.2.1. Acquisition of Predicted Vehicle Speed Curves 

Since the focus of this study is on obtaining evaluation indicators for predicted speed curves, the 

above-mentioned speed predictors adopted classical architectures in their development and were 

trained using a database containing 35,840 seconds of real vehicle data provided by the cooperative 

enterprise. Using the trained speed predictors and the target speed curves collected from the real 

vehicles mentioned above, the speed prediction results of different speed predictors were obtained 

as shown in Figure 3. 

  

(a) GRU speed prediction result (b) LSTM speed prediction result 

 
(c) TCN speed prediction result 

Figure 3. Speed prediction result. 

To cover all characteristics of the object during motion and enhance applicability, the real speed 

curves and predicted speed curves were divided into 8 complete kinematic segments according to 

the complete process of stationary-acceleration-driving-deceleration-parking in the study, as shown 

in Figure 4. 
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(a) segment 1 (b) segment 2 

  

(c) segment 3 (d) segment 4 

  

(e) segment 5 (f) segment 6 

 
 

(g) segment 7 (h) segment 8 

Figure 4. The segmentation results of vehicle speed segments covering all features of the motion process. 

2.2.2. Analysis of Vehicle Speed Prediction Results 

Two commonly used statistical indicators, MAE and RMSE, were selected for analyzing the 

vehicle speed prediction results [11]. It is generally believed that smaller values of MAE and RMSE 
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indicate better vehicle speed prediction results [12]. The specific calculation formulas for RMSE and 

MAE are shown in equations (1) and (2). 

𝑀𝐴𝐸 =
1

𝑛
∑|(𝑦̂𝑖 − 𝑦𝑖)|

𝑛

𝑖=1

 (1) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦̂𝑖 − 𝑦𝑖)2

𝑛

𝑖=1

 (2) 

In the above equations, 𝑦̂𝑖  is the predicted vehicle speed at time i within the prediction period, 

𝑦𝑖  is the actual vehicle speed at time i within the prediction period, 𝑦̅𝑖  is the average of the actual 

vehicle speeds within the prediction period, and 𝑛 is the number of vehicle speed data points within 

the prediction period. 

The RMSE and MAE results between the predicted speed and the actual speed in each prediction 

domain at all times within each segment were averaged, and finally, the distribution results of the 

average RMSE and MAE of different predicted speed curves for each segment are shown in Figure 5. 

  

(a) distribution of RMSE for All Segments (b) distribution of MAE for All Segments 

Figure 5. Distribution results of RMSE and MAE for all segments. 

From the RMSE and MAE distribution results of all segments presented in Figure 5, it can be 

observed that the aforementioned vehicle speed predictor exhibits a small prediction deviation in 

most scenarios. Its error levels are concentrated, and the proportion of extreme deviations is low, 

which demonstrates that the predictor possesses high basic prediction accuracy. 

2.3. Acquisition of Energy Consumption Deviation Data 

By applying the obtained predicted speed curves and actual speed curves to the predictive 

energy management strategy of hybrid systems, the execution energy consumption based on the 

predicted speed curves and the theoretically achievable optimal energy consumption based on the 

actual speed curves can be obtained. The degree of deviation between the two, namely the relative 

energy consumption deviation, is used as the basis for judging the effectiveness of the predicted 

speed curves in practical applications. 

2.3.1. Hybrid Vehicle Simulation Platform and Predictive Energy Management Strategy 

The existing, verified and highly accurate PHEV model in the previous research is taken as the 

object model for the energy management strategy based on MPC, as shown in Figure 6 [13]. The 

structure of this model is as follows: MPC can generate reference information within a short time 

domain by establishing a predictive model of the controlled object, and constrain the value ranges of 
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input and output variables within the feasible domain. Eventually, the global optimization problem 

is transformed into a local optimal problem.  

 

Figure 6. PHEV model based on GT-SUITE. 

2.3.2. Acquisition of Theoretical Optimal Energy Consumption and Execution Energy Consumption 

DP algorithm[14] is a numerical optimization method that finds the global optimal solution 

through time-reversal operation. The DP algorithm gradually solves the local optimal solution for 

each stage and stores the intermediate results. Eventually, by gradually accumulating energy 

consumption and comparing the results of different paths, the global optimal energy consumption 

plan from the starting point to the destination is found. This process ensures that the energy 

consumption results obtained through the DP algorithm for the entire process of real vehicle speed 

offline global energy management are optimal, that is, the optimal energy consumption results that 

can be theoretically achieved. 

When applying the predicted vehicle speed results to perform energy management calculations 

and execute energy consumption, since global vehicle speed information cannot be obtained, it is 

necessary to convert the global optimization problem into a local optimal problem and perform local 

optimal energy management for the system [15]. The specific process is shown in Figure 7. 

 

Figure 7. Rolling Optimization Process. 

Among them, k+1— k+p respectively represent the control time domain and the prediction time 

domain; 𝑟 is the reference trajectory; 𝑒𝑘 is the deviation term between the output and the reference 

trajectory. At each 

During the time domain of vehicle speed prediction, solve the control sequence that minimizes 

the energy consumption function, and apply the first value of this control sequence to the system to 

obtain the actual output of the system. Then, use this as feedback to correct the deviation of the 

prediction model and achieve local energy management for the vehicle within the prediction time 

domain. The prediction and control are repeatedly carried out at each time step to form a rolling 

optimization process. 
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Based on the real vehicle speed curve of each segment and using the DP algorithm, perform 

global energy management for the power system, obtaining the theoretical optimal energy 

consumption corresponding to each real vehicle speed curve segment; using the rolling optimization 

method, perform local optimal energy management for the power system based on the predicted 

vehicle speed curve, obtaining the execution energy consumption corresponding to each predicted 

vehicle speed curve segment. Finally, the energy consumption results for each segment are as shown 

in Table 1. 

Table 1. This is a table. Tables should be placed in the main text near to the first time they are cited. 

 

Theoretical optimal 

energy consumption 

The execution energy 

consumption of the 

GRU predictor 

The execution energy 

consumption of the 

LSTM predictor 

The execution energy 

consumption of the 

TCN predictor 

(g) (L/100km) (g) (L/100km) (g) (L/100km) (g) (L/100km) 

segment 1 10.41 1.70 26.16 4.28 28.80 4.71 34.46 5.63 

segment 2 31.84 1.80 78.80 4.46 90.64 5.14 82.13 4.65 

segment 3 34.67 2.38 45.17 3.10 65.91 4.53 46.31 3.18 

segment 4 51.19 2.77 72.38 3.92 92.45 5.00 64.08 3.47 

segment 5 37.79 3.11 48.41 3.98 62.34 5.13 49.14 4.04 

segment 6 42.75 2.30 74.50 4.00 49.37 2.65 44.40 2.38 

segment 7 17.21 2.84 19.01 3.13 30.26 4.99 23.51 3.87 

segment 8 26.05 4.27 28.73 4.71 35.78 5.86 29.53 4.84 

2.3.3. Relative Energy Consumption Deviation 

In the real-time energy management of the powertrain using predicted vehicle speeds, since 

global speed information cannot be obtained, the execution energy consumption of local optimal 

energy management of the powertrain based on predicted speeds cannot reach the theoretically 

optimal energy consumption and will be greater than the theoretical optimal energy consumption. 

As shown in Table 1, the execution energy consumption of the predictors for segments 1 and 2 even 

exceeds 200% of the theoretical optimal energy consumption. Based on the characteristic that the 

execution energy consumption is higher than the theoretical optimal energy consumption, when 

objectively evaluating the effectiveness of the vehicle speed prediction results, the theoretical optimal 

energy consumption can be selected as the energy consumption benchmark. When energy 

management is performed based on predicted speeds, the closer the execution energy consumption 

is to the theoretical optimal energy consumption, the better the execution energy consumption result, 

and it also indicates that the application of the vehicle speed prediction result to the energy 

management of the powertrain is more effective. To quantify the effectiveness of vehicle speed 

prediction, the indicator of relative energy consumption deviation was selected. The relative energy 

consumption deviation is the deviation between the execution energy consumption and the 

theoretical optimal energy consumption, and its specific calculation method is shown in equation (3). 

𝑥𝑒𝑛𝑔 =
𝐸𝑝𝑟𝑒 − 𝐸𝑟𝑒𝑎𝑙

𝐸𝑟𝑒𝑎𝑙

 (3) 

In the above equation, 𝑥𝑒𝑛𝑔 is the relative energy consumption deviation between the theoretical 

optimal energy consumption and the execution energy consumption, 𝐸𝑟𝑒𝑎𝑙  is the theoretical optimal 

energy consumption corresponding to the actual speed in each prediction period, and 𝐸𝑝𝑟𝑒 is the 

execution energy consumption corresponding to the predicted speed in each prediction period. 

According to the definition of relative energy consumption deviation in equation (3), the closer 𝑥𝑒𝑛𝑔 

is to 0, the closer the execution energy consumption is to the theoretical optimal energy consumption, 

and the higher the effectiveness of applying the vehicle speed prediction result to the energy 

management of the powertrain. 
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The relative energy consumption deviation results for each segment are shown in Table 2. The 

closer the relative energy consumption deviation result is to 0, the better the effectiveness of the 

vehicle speed prediction method in that segment. 

Table 2. The relative energy consumption of the predicted speed and the real speed for each segment. 

 
Energy consumption 

deviation of GRU predictor 

Energy consumption 

deviation of LSTM predictor 

Energy consumption 

deviation of TCN predictor 

segment 1 1.51 2.06 1.50 

segment 2 1.47 1.85 1.58 

segment 3 0.30 0.90 0.34 

segment 4 0.41 0.81 0.25 

segment 5 0.28 0.65 0.30 

segment 6 0.74 0.15 0.04 

segment 7 0.10 0.76 0.37 

segment 8 0.10 0.37 0.13 

3. Analysis of Effectiveness Evaluation of Vehicle Speed Prediction Results 

3.1. Correlation Analysis of Vehicle Speed Prediction Result Evaluation Indicators 

After obtaining the relative energy consumption deviation results, correlation analysis was 

conducted between the evaluation indicators and the relative energy consumption deviation. By 

comparing the correlation between the evaluation indicators and the relative energy consumption 

deviation, it was determined which indicator has a stronger correlation with the relative energy 

consumption deviation and is more suitable as an evaluation indicator for the effectiveness of vehicle 

speed prediction. 

3.1.1. Pearson Correlation Coefficient 

To determine the strength of the correlation between the evaluation indicators and the relative 

energy consumption deviation, the Pearson correlation coefficient [16] was selected as the basis for 

judging the strength of the correlation. The Pearson correlation coefficient is a statistical measure 

used to quantify the linear correlation between two variables, and its specific calculation method is 

shown in equation (4). 

𝑟 =
∑(𝑋 − 𝑋)(𝑌 − 𝑌)

√∑(𝑋 − 𝑋)2√∑(𝑌 − 𝑌)2

 
(4) 

Where, 𝑟 represents the Pearson coefficient, and its value ranges from -1 to 1. The sign of 𝑟 

indicates whether the two variables are positively or negatively correlated, and the magnitude of r 

represents the strength of the correlation. The closer the absolute value is to 1, the stronger the 

correlation between the two variables; the closer to 0, the weaker the correlation. X and Y are the 

values of the two variables, respectively, and 𝑋, 𝑌 are the means of X and Y, respectively. 

Based on the RMSE, MAE, and relative energy consumption deviation results obtained in 

Sections 1.2.2 and 1.3.3, correlation analysis was performed using the Pearson correlation coefficient, 

and the distribution of relative energy consumption deviation with RMSE and MAE, as well as the 

correlation results, are shown in Figure 8. 
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Figure 8. RMSE and MAE distributions and their correlation with relative energy consumption. 

It can be seen from Figure 8 that the relationship between the traditional statistical indicators 

RMSE, MAE, and the relative energy consumption deviation shows a relatively scattered 

distribution, with Pearson correlation coefficients of 0.18 and 0.16, respectively. This indicates that 

the correlation between these indicators and the relative energy consumption deviation is weak, so 

the RMSE and MAE indicators cannot effectively reflect the application effect of the predicted speed 

curves, and their effectiveness in evaluating the effectiveness of the predicted speed curves in the 

application scenario of energy management strategies is poor. 

3.1.2. Pearson Correlation Coefficient 

To further explore indicators that can effectively evaluate the vehicle speed prediction results, 

the correlation between similarity indicators and vehicle speed characteristic indicators and the 

relative energy consumption deviation was further analyzed. 

Similarity indicators refer to metrics used to measure the degree of similarity between two or 

more datasets when comparing them. In this study, three commonly used distance indicators, namely 

Euclidean distance, Manhattan distance, and Chebyshev distance, were selected for vehicle speed 

similarity indicators. Smaller values of these three distance indicators indicate that the predicted 

curve is more similar to the actual curve. The specific calculation formulas for Euclidean distance, 

Manhattan distance, and Chebyshev distance are shown in equations (5) to (7). 

𝑑𝑒𝑢𝑑 = √∑(𝑥𝑖 − 𝑦𝑖)2

𝑛

𝑖=1

 (5) 

𝑑𝑚𝑎𝑛𝑑 = ∑|𝑥𝑖 − 𝑦𝑖|

𝑛

𝑖=1

 (6) 

𝑑𝑐ℎ𝑒𝑏𝑑 = 𝑙𝑖𝑚
𝑘→∞

 (|(𝑥𝑖 − 𝑦𝑖)|
1
𝑘)

𝑘

 (7) 

In the above equations,  𝑑𝑒𝑢𝑑 , 𝑑𝑚𝑎𝑛𝑑  and 𝑑𝑐ℎ𝑒𝑏𝑑  are Euclidean distance, Manhattan distance, 

and Chebyshev distance, respectively. 𝑥𝑖  is the predicted vehicle speed at time 𝑖  within the 

prediction period,  𝑦𝑖  is the actual vehicle speed at time 𝑖 within the prediction period, and 𝑛 is 

the number of vehicle speed data points within the prediction period. 

The results of Euclidean distance, Manhattan distance, and Chebyshev distance between the 

predicted speed and the actual speed in each prediction domain at all times within each divided 

segment were averaged, and correlation analysis was performed between the average indicator 
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results and the relative energy consumption. Finally, the normalized distribution of the relative 

energy consumption deviation and distance indicators for each segment and the correlation results 

between them are shown in Figure 9. 

 

Figure 9. Distance index distribution and its linear fitting results with relative energy consumption. 

For vehicle speed characteristic indicators, average speed, maximum speed, acceleration time 

proportion, and deceleration time proportion were selected for correlation analysis with the relative 

energy consumption deviation. Among them, average speed and maximum speed can reflect to a 

certain extent whether the vehicle is driving at a low or high speed on the road over a period of time; 

while acceleration time proportion and deceleration time reflect whether the vehicle is in an 

accelerating, decelerating, or idling state overall over a period of time. To eliminate the impact of data 

magnitude and more intuitively measure the relative impact of vehicle speed characteristic 

deviations, after calculating the above indicators for predicted and actual speeds, the relative 

deviation between them was further calculated, and the specific calculation method is shown in 

equation (8). 

𝐸𝑟 =
𝑥𝑟 − 𝑥𝑝𝑟𝑒

𝑥𝑟

 (8) 

In the above equation, 𝐸𝑟  is the relative deviation between the predicted speed indicator and 

the actual speed indicator in the prediction period, 𝑥𝑟 is the actual speed indicator in each prediction 

period, and 𝑥𝑝𝑟𝑒 is the predicted speed indicator in each prediction period. 

The average of the relative deviations of the vehicle speed characteristic indicators between the 

predicted speed and the actual speed at all times within each segment was calculated, and correlation 

analysis was performed between the average indicator results and the relative energy consumption. 

Finally, the normalized distribution of the relative energy consumption deviation and speed 

characteristic indicators for each segment and the correlation results between them are shown in 

Figure 10. 
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Figure 10. Vehicle speed characteristic indicators index distribution and its linear fitting results with relative 

energy consumption. 

By comparing the correlation results between each evaluation indicator and the relative energy 

consumption deviation in Figures 8 to 10, it was found that among the vehicle speed performance 

indicators, maximum speed, acceleration time proportion, and deceleration time proportion have 

higher correlations with the relative energy consumption deviation. The correlation between 

acceleration time proportion and relative energy consumption deviation is 0.34, indicating a weak 

correlation between them. Further, the standard deviation of the deviation in acceleration time 

proportion between the predicted speed and the actual speed at all times within each segment was 

calculated, and correlation analysis was performed between the results and the relative energy 

consumption deviation. The distribution of the results and the correlation results are shown in Figure 

11. 

 

Figure 11. The results of acceleration time proportion error and its standard deviation distribution and 

correlation with relative energy consumption deviation. 

As can be seen from Figure 11, the correlation coefficient between the deviation of acceleration 

time proportion and relative energy consumption is only 0.34, while the correlation coefficient 

between the standard deviation of the deviation of acceleration time proportion and the deviation of 

relative energy consumption reaches 0.51. Moreover, its distribution also has a better trend. 

Therefore, the standard deviation of the deviation of acceleration time proportion is more suitable 
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for judging the effect of reducing energy consumption when predicting the vehicle speed of the 

application, that is, it is more suitable for evaluating the effectiveness of vehicle speed prediction. 

3.2. Correlation Analysis of Vehicle Speed Prediction Result Evaluation Indicators 

3.2.1. Trend Consistency Verification 

Since the correlation coefficient between the standard deviation of the deviation in acceleration 

time proportion and the relative energy consumption deviation is 0.51, indicating only a moderate 

correlation between them, to further verify that the standard deviation of the deviation in acceleration 

time proportion can evaluate the effectiveness of vehicle speed prediction to a certain extent, data on 

the standard deviation of the deviation in acceleration time proportion, RMSE, MAE, and relative 

energy consumption deviation were randomly selected, as shown in Figure 12. 

 

Figure 12. Comparison of standard deviation, RMSE, MAE and relative energy consumption deviation trend of 

acceleration time proportion deviation map. 

It can be seen from the above figure that in the randomly selected data, as the standard deviation 

of the deviation in acceleration time proportion decreases, the relative energy consumption deviation 

approaches 0. In contrast, there is no monotonic relationship between RMSE, MAE, and relative 

energy consumption deviation. Therefore, the standard deviation of the deviation in acceleration 

time proportion can better evaluate the effectiveness of vehicle speed prediction than RMSE and 

MAE. Combined with the characteristic that the closer the relative energy consumption deviation is 

to 0, the better the effectiveness of vehicle speed prediction, the smaller the standard deviation of the 

deviation in acceleration time proportion, the more effective the vehicle speed prediction result. 

Combined with the characteristics of the standard deviation of the deviation in acceleration time 

proportion, it can be considered that when there is a deviation in the acceleration time proportion 

between the predicted speed and the actual speed, the more stable this deviation is, i.e., the smaller 

the fluctuation of the deviation in the acceleration state between the predicted speed curve and the 

actual speed curve, and the more similar the overall trend between the two curves, the lower the final 

energy consumption of energy management based on it, and the more effective the vehicle speed 

prediction result. 

3.2.2. Energy Consumption Result Verification 

To further verify the effectiveness of the standard deviation of the deviation in acceleration time 

proportion as an indicator for evaluating vehicle speed prediction results, this indicator was 

incorporated into the loss function of the vehicle speed predictor to construct an improved vehicle 

speed predictor. The improved predictor reduces the standard deviation of the deviation in 

acceleration time proportion between the predicted speed and the actual speed through the gradient 

backpropagation process of the loss function. The new execution energy consumption was obtained 
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by combining the predicted speed of the improved predictor with the rolling optimization method. 

By comparing the execution energy consumption results of the original vehicle speed predictor and 

the improved vehicle speed predictor, the improvement effect of the standard deviation of the 

deviation in acceleration time proportion on the effectiveness of the vehicle speed predictor was 

judged. The execution energy consumption results of the GRU vehicle speed predictor and the 

improved GRU vehicle speed predictor are shown in Table 3. 

Table 3. Execution energy consumption results of the GRU speed predictor and the improved version of the 

GRU speed predictor. 

 

Energy consumption 

of the GRU predictor 

(g) 

Improved version of GRU 

predictor's energy consumption 

for execution (g) 

Energy conservation in 

operation and 

execution (g) 

segment 1 26.16 33.36 -7.20 

segment 2 78.80 65.05 13.75 

segment 3 45.17 39.05 6.12 

segment 4 72.38 62.18 10.21 

segment 5 48.41 44.98 3.43 

segment 6 74.50 64.32 10.18 

segment 7 19.01 21.92 -2.92 

segment 8 28.73 29.90 -1.17 

It can be seen from Table 3 that the predicted speed results of the improved GRU vehicle speed 

predictor, which incorporates the standard deviation of the deviation in acceleration time proportion, 

achieve energy reduction in segments 2 to 6. The maximum energy saving in segment 2 is 13.75g, 

with an energy-saving rate of 17.45% compared to the GRU vehicle speed predictor, and the increase 

in execution energy consumption of the improved GRU compared to the GRU execution energy 

consumption relative to the theoretical optimal energy consumption is 43.18%. However, in segments 

1, 7, and 8, the predicted speed results of the improved GRU vehicle speed predictor did not reduce 

the final energy consumption but increased it instead. Further analysis was conducted in combination 

with the mileage characteristics of each segment, and the mileage characteristics of each segment are 

shown in Figure 13. 

 

Figure 13. Segment mileage characteristics statistical map. 

It can be seen from Figure 13 that the driving mileage of segments 2 to 6 is more than 1.5 km, 

while the driving mileage of segments 1, 7, and 8 is less than 0.85 km. For short-distance segments 

such as segments 1, 7, and 8, the instantaneous fluctuation of vehicle speed directly affects the final 
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energy consumption result, and the standard deviation of the deviation in acceleration time 

proportion may not fully consider the energy consumption of these instantaneous fluctuations, 

ultimately leading to higher execution energy consumption of the improved GRU. In contrast, in 

other segments with longer mileage, the application of the improved GRU vehicle speed predictor 

incorporating the standard deviation of the deviation in acceleration time proportion can achieve 

energy reduction. This indicates that the standard deviation of the deviation in acceleration time 

proportion can not only effectively evaluate the application results of predicted speed curves but also 

improve the performance of predictors for longer mileage vehicle speed prediction, thus being a more 

effective evaluation indicator. 

The acceleration time proportion, as an evaluation indicator, shows obvious advantages over 

traditional indicators, providing support for further research on the effectiveness of evaluation 

indicators. However, it is evident that the acceleration time proportion still has shortcomings as an 

evaluation indicator. Therefore, the development of evaluation indicators with stronger adaptability 

and effectiveness requires extensive and continuous exploration. 

4. Results 

In this study, by building vehicle speed predictors and powertrain energy management 

strategies, based on multiple known complete speed curves, vehicle speed prediction and powertrain 

energy management were performed respectively to obtain predicted speed curves and relative 

energy consumption deviation results. Then, statistical indicators, similarity indicators, and 

characteristic indicators corresponding to the vehicle speed prediction results were calculated, and 

correlation analysis was conducted between these indicators and the relative energy consumption 

deviation results, leading to the following conclusions: 

1. By comparing the deviation between the execution energy consumption of the predicted speed 

curve and the theoretical optimal energy consumption, it was found that the traditional 

statistical indicators RMSE and MAE have only 0.18 and 0.16 correlations with the relative 

energy consumption deviation results, showing poor effectiveness. Moreover, vehicle speed 

characteristic indicators such as acceleration time proportion and deceleration time proportion 

have higher correlations with the relative energy consumption deviation than these two 

indicators. Among them, the correlation coefficient between the standard deviation of the 

deviation in acceleration time proportion and the relative energy consumption deviation is 0.51, 

indicating a moderate positive correlation between them.; 

2. By comparing and verifying the trend relationship between the standard deviation of the 

deviation in acceleration time proportion, RMSE, MAE, and the relative energy consumption 

deviation, it was found that the standard deviation of the deviation in acceleration time 

proportion has a consistent trend with the relative energy consumption deviation, while RMSE 

and MAE have no relevant trend with the relative energy consumption deviation, further 

indicating that the standard deviation of the deviation in acceleration time proportion has better 

effectiveness in evaluating the application effect of predicted speed curves; 

3. By applying the standard deviation of the deviation in acceleration time proportion to the 

construction of vehicle speed predictors, it was found that the execution energy consumption of 

the speed prediction curves provided by the improved predictor shows a significant 

improvement trend in long-distance driving, further indicating that this indicator has stronger 

effectiveness. 
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GRU Gated recurrent unit 

TCN Temporal convolutional network 

DP Dynamic programming 
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