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Abstract: The purpose is to promote the development of the automotive industry, develop energy-
saving, safe, comfortable, and environment-friendly HEVs (Hybrid Electric Vehicle). Here, an HEV 
fleet is researched through the intelligent network connection to improve the fuel economy, traffic 
fluency, comfort, and safety of the vehicle. The HEV based on linearized ECMS (Equivalent Fuel 
Consumption Minimization Strategy) control algorithm is partially optimized. Based on the control 
algorithm of ECMS, cA-ECMS [Equivalent Factor Adaptive Control Strategy Based on Continuous 
SOC (System on Chip) Feedback] and dA-ECMS (Equivalent Factor Adaptive Control Strategy Based 
on Discrete SOC Feedback) are proposed. Based on SOC feedback, an online identification A-ECMS 
(Adaptive ECMS) algorithm is established. The results show that the control algorithm gives full 
play to the advantages of the adaptive control algorithm and improves the adaptability of the 
equivalent factor of the HEV. Besides, the fuel consumption, motor total energy consumption, and 
SOC end value deviation under different SOC initial values are compared. The results show that 
with the increase of SOC initial value, the end state SOC deviations of cA-ECMS and dA-ECMS control 
algorithm are about 0.6% and -1.6%, respectively, but the fuel consumption is increasing. 
Meanwhile, the cA-ECMS control algorithm tends to use fewer batteries. From the perspective of 
adaptability of equivalent factor, the equivalent factor of the dA-ECMS control algorithm changes 
less and has better adaptability. All of these lay a solid theoretical foundation for the establishment 
of an energy management control algorithm for real-time control of the real vehicle. 

 
Keywords:  ECMS Control Algorithm; Intelligent Network Connection; Hybrid Electric Vehicle; 
System Optimization.  

1. Introduction 
 
With the continuous growth of people’s travel 
demand and logistics transportation, the automobile 
industry has developed rapidly, advancing economic 
growth. Concurrently, a series of problems have 
been raised, such as excessive consumption of oil 
resources, environmental pollution, and the 
greenhouse effect [1]. Over the past decade, China's 
automobile production and per capita auto 
ownership rate have increased dramatically, and oil 
consumption has increased year by year, causing 
more and more serious energy security problems in 
China. The emergence of hybrid technology 
alleviates the problem of huge oil consumption.  

Moreover, hybrid technology is one of the 
effective methods to solve energy security problems, 
optimize energy use structure, and reduce 
automobile exhaust pollution. HEVs (Hybrid Electric 
Vehicles) can meet the power requirements, improve 
fuel economy, and reduce exhaust emissions. It is 
acknowledged globally that compared with pure 
electric vehicles, HEVs can avoid many problems, 

including insufficient battery endurance and 
frequent charging problems. Since the 1990s, 
countries have issued guidance documents on new 
energy technologies and set up funds to encourage 
research institutions and enterprises to invest in the 
development and promotion of HEVs. 

Commonly used HEVs provide required torque 
from two energy sources. Different from the 
traditional fuel vehicles, the additional power source 
is faced with a challenging energy optimal allocation 
problem. The HEV energy management algorithm 
can calculate the minimum objective function value 
for the torque/power distribution between fuel and 
battery systems under an overall driving condition.  

In general, the following factors should be 
considered in calculating the optimal value: fuel 
consumption, emission, and battery aging [2–4]. The 
ECMS (Equivalent Fuel Consumption Minimization 
Strategy) unifies instantaneous fuel consumption 
and power consumption into equivalent fuel 
consumption through the oil-electricity conversion 
coefficient (also called an equivalent factor) and 
solves the optimal control decision. ECMS is a 
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research hotspot in the real-time application of 
energy management algorithms because its 
calculation is simple and fast and can meet the real-
time requirement of online applications. Since the 
algorithm relies heavily on the oil-electricity 
conversion coefficient, for an optimization effect of 
the algorithm, the A-ECMS (Adaptive ECMS) is 
usually adopted in the current research. Some 
scholars have compared three A-ECMS strategies of 
SOC (System on Chip) feedback control, and the 
results have shown that a better instantaneous 
optimization effect can be obtained through PI 
(Proportional Integral) control of equivalent factor 
[5–7]. Some researchers have improved the ECMS 
algorithm by combining PMP (Pontryagin Minimum 
Principle) offline processing and ECMS online 
operation, considering the influence of SOC on the 
adaptive rate [8]. Other researchers of parallel HEVs 
have deduced the upper and lower limit of the 
equivalent factor according to the efficiency of the 
engine, battery, and motor components. Meanwhile, 
they have changed the equivalent factor value 
according to the current SOC state and its upper and 
lower limit [9]. The real vehicle test results have 
confirmed that the ECMS algorithm with known 
working conditions can achieve a better fuel-saving 
effect through the comparison between the influence 
of known driving conditions and unknown driving 
conditions on the ECMS algorithm [10]. 

The energy management algorithm based on 
ECMS or A-ECMS can achieve real-time optimal 
control, but the difficulty lies in the reasonable 
selection of equivalent factors. Current research 
focuses on the real-time correction of equivalent 
factors through working condition information, 
running state, and traffic information to optimize the 
algorithm and ensure its real-time performance. 
 

2. Control Algorithm of ECMS 
2.1 PMP 

 
PMP is proposed by the Soviet scholar Pontryagin 

through the improvement of the classical variational 
method and is widely used for solving the 
optimization problem of control variable constraints 
[11]. PMP is essentially a necessary rather than 
sufficient condition for solving a set of optimal 
control. Generally, the minimum control law that 
satisfies the performance index function is called the 
extremum. The optimum must be the extremum, but 
the extremum is not necessarily optimum. If the 
solution of the optimal problem is determined 
according to the conditions in practical problems, 
and the extremum calculated by PMP is the only 
solution, the obtained control is the optimum [12–
14]. 

In the PMP algorithm, the boundary interval of 
the state variable x (t) is chosen as (t), that is, x 

(t)∈ (t), and . The boundary interval of 

the control variable u (t) is denoted as U (t), that is, u 
(t)∈U (t). The dynamic equation of the control 
system is defined as equation (1). 

 
                                               (1) 

 
Then, the cost function can be expressed as 

equation (2). 
 

                                     (2) 

 
In equation (2),  represents the 

instantaneous cost. 
The covariate is set as in equation (3). 
 

                   (3) 

 

In equation (3), n stands for the dimension of the 
covariate, and the covariate  has the same 

dimension as the state variable . The 

Hamiltonian function is defined as in equation (4). 
 

               (4) 

 
PMP points out that the optimal state trajectory 

x*, the optimal control u*, and the corresponding 
Lagrange multiplier * must minimize the Hamilton 

equation H. As a result,  and  can 

fall into the allowable control set, as shown in 
equation (5). 

 
     (5) 

 
These are only necessary (insufficient) conditions 

for an optimal control law. The set of control laws 
satisfying these conditions is called the extremum of 
the control problem. If there is an optimum, it is also 
an extremum. On the contrary, it may be extremum 
rather than optimum. If the optimal control law is 
unique, these conditions provide a clear way to find 
the optimal control law. 

When solving the HEV energy management 
optimization problem, PMP requires all the working 
conditions, so it cannot be used in real-time 
applications. Because of fast calculation, the ECMS 
algorithm can implement optimal control decisions 
and is widely used in instantaneous optimal energy 
management algorithms. 
 

2.2 ECMS based on PMP 
 

The ECMS is derived from engineering 
experience. The energy source of power-maintained 
HEV ultimately all comes from fuel, even if it is 
driven by battery power [15-17]. Therefore, the fuel 
consumption during the driving cycle also includes 
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the fuel consumption equivalent to the energy used 
from the battery.  

The sum of actual fuel consumption rate and 
electrical fuel consumption rate is called equivalent 
fuel consumption rate, and their relationship is 
explained in equation (6). 

 

                  (6) 

 
In equation (6),  denotes the equivalent 

fuel rate, s(t) represents the equivalent factor 
between power and fuel, and  stands for the 

average low calorific value of the fuel. The minimum 
equivalent fuel consumption ( ) in the driving 

cycle is calculated to solve the energy management 
problem. The global optimization problem in the 
whole driving cycle is transformed into solving the 
local minimization problem of minimizing the 
equivalent fuel consumption at every moment. In the 
expression of ECMS, the equivalent fuel consumption 
rate is expressed by the equivalent factor s(t), 
battery power , and fuel calorific value . 

Because the conversion efficiency between battery 
energy and fuel is not included in equation (6), the 
loss involved is included in the equivalent factor s(t). 
Here, the same equivalent factor (s) is used for both 
battery charging and battery discharging. To reduce 
the number of calibration parameters, the equivalent 
fuel consumption rate can be expressed as in 
equation (7). 

            (7) 

In equation (7),  represents the 

interpolated chemical battery power (including 
battery efficiency). The product of Voc.max and battery 
current I represents the battery power . 

 

2.3 Energy Management based on WL-ECMS 
(ECMS based on the Willans Line Model) 

 
First, the basic principle of ECMS is introduced 

for the energy optimization problem of HEVs 
without external charging. Since the SOC of the 
power battery has little influence on the parameters, 
such as voltage and internal resistance, the 
equivalent factor of ECMS can be approximately 
equalled to the co-state of PMP. Thus, the ECMS 
optimization problem can be approximately equalled 
to the PMP optimization problem [18,19]. The 
essence of the ECMS optimization problem is to 
convert battery energy consumption into equivalent 
fuel consumption through equivalent factors. 
Subsequently, the power of the battery is taken as 
the control variable. Before the ECMS optimization, 
the feasible region of the battery power is 
discretized, and then the corresponding engine 
output power is obtained according to the vehicle 

power balance equation. In the ECMS optimization 
process, the equivalent fuel consumptions 
corresponding to the discrete grid points of the 
engine and the power battery are compared, and 
then the optimal fuel economy is obtained. Finally, 
the control variable corresponding to the optimal 
fuel economy is returned, which is the optimal 
control variable [20]. ECMS optimization problem is 
equivalent to interpolation and look-up table 
problem, that is, to find the optimum in the table and 
the corresponding control variables. Compared with 
global optimization algorithms, such as dynamic 
programming algorithms and GA (Genetic 
Algorithms), ECMS can significantly reduce the 
calculation complexity without sacrificing the 
accuracy of the optimum. Therefore, ECMS is one of 
the most promising control algorithms for real 
vehicle controllers. However, compared with the 
data calculation ability of the current vehicle 
processor, the calculation complexity of the search 
method for obtaining time-varying discrete tables, 
interpolation, lookup tables, and re-optimization is 
still too high. Moreover, with higher demand for 
calculation accuracy, the number of discrete points 
needs to be increased. This, however, is bound to 
increase the dimension of time-varying tables, and at 
the same time, the calculation time will also be 
increased, which is why ECMS cannot realize online 
optimization based on real vehicle controllers [21-
24]. 

To apply ECMS to real vehicle controllers, some 
researchers have proposed an off-line simulation 
method to obtain the optimal control set table and 
store it in the vehicle controller. Compared with the 
on-line ECMS, this method does not calculate the 
time-varying table. However, the optimal driving 
performance of the vehicle cannot be ensured 
through the off-line ECMS [25]. The reason is that the 
MAP (Manifold Absolute Pressure) diagrams of the 
engine and ISG (Integrated Starter and Generator) 
motor are irregular, so the obtained ECMS table will 
have mutations. This will inevitably lead to the state 
mutation of the engine, thus affecting the driving 
performance. Some scholars have proposed a 
method based on local search to reduce the 
calculation of ECMS, but this method is still too large. 
Some scholars have proposed a simplified power 
component model to reduce the calculation 
complexity of ECMS. Among them, ECMS based on 
the Willans Line model of engine and motor has been 
widely concerned because of its superior 
performance. This method is called WL-ECMS [26]. 

Based on the linearization concept, the Willans 
Line model of the engine can be expressed as in 
equation (8). 

                                                      (8) 

In equation (8),  represents the power 

emission of the fuel during engine combustion,  
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denotes the effective power of the engine, and  

stands for the reciprocal of the indicated efficiency of 
the engine.  denotes the regression coefficient of 

engine power loss. Meanwhile, both ae and be are 
functions related to engine speed. 

Similarly, based on the linearization idea, the 
Willans Line model of the ISG motor can be 
expressed as in equation (9). 

 

              (9) 

 
In equation (9),  denotes the output power of 

the battery, and its value is equal to the effective 
power of ISG motor output divided by the 
corresponding system efficiency.  represents the 

effective output power of the motor. Parameters 
 related to ISG motor speed 

are regression coefficients. 
The form of the ECMS optimization problem is 

consistent with the Willans Line model of power 
components. Based on the equivalent voltage and 
current, the simplified ECMS optimization problem 
can be expressed as in equation (10). 

 

                                                  (10) 

 
In equation (10),  denotes the equivalent 

power of ECMS, μ stands for the equivalent voltage 

related to the equivalent power corresponding to the 

unit current of the battery, and λ represents the 

equivalent factor of WL-ECMS. 
 

2.4 Energy Management based on A-ECMS 
 

The effect of an equivalent factor on the 

optimization of the ECMS energy management 

algorithm is very obvious. The ECMS algorithm with 

constant equivalent factor has poor adaptability in 

actual working conditions, which cannot effectively 

improve the fuel economy of HEVs. This is also the 

challenge of the ECMS algorithm in practical 

application [27,28]. To solve the above problems, 

relevant researchers have proposed an Adaptive-

ECMS, or A-ECMS (Adaptive ECMS), algorithm.  

The basic principle is to self-adjust the equivalent 

factor based on relevant information in the driving 

process and improves the applicability of ECMS [29].  

A stable battery SOC is a crucial problem in A-

ECMS applications to prevent battery overcharge or 

over-discharge. The control process is shown in 

figure 1. 
 

PI controller 

ECMS
Vehicle 

model 

SOC

+

SOC(t)

_

 
Figure1 Principle of A-ECMS algorithm 

 
In essence, the A-ECMS control algorithm is an 

ECMS with closed-loop feedback control of 
equivalent factors. Since the ECMS adaptation is to 
ensure the charge retention operation, the feedback 
will come from the SOC of the battery. Here, two 
adaptive methods are considered: feedback at each 
time point (continuous) and feedback only at the 
discrete-time (discrete). Similar to ECMS, only a 
single equivalent factor (s) is used for charging and 
discharging in these two methods. Studies have 
shown that the result of usage of a single equivalent 
factor is only slightly better than that of multiple 
equivalent factors (charging and discharging) [30].  

The summary of the A-ECMS control algorithm is 
based on the following facts. ① The optimum of 
equivalent factor is the optimum of power 
maintenance. ② If the equivalent factor is less than 
the optimum, the battery SOC tends to decrease, and 
if the equivalent factor is too high, the battery SOC 
tends to increase. ③ The ideal required interval of 
charge sustainability should be the entire journey, 
but this is impossible because its duration is 
unknown. Therefore, it is assumed that SOC should 
return to the reference value at a fixed interval of 
duration. ④ The charge sustainability interval T 
should be long enough to allow the battery to charge 
and discharge in the whole working range. Based on 
these facts, the adaptive policy updates the value of 
the equivalent factor at each end of these intervals 
(defined as adaptive intervals). 

The basic steps to achieve efficient feedback are 
as follows. ① In the first step of the simulation, the 
speed curve is optimized through the initial value of 
SMPC utilization efficiency. ② After the current 
speed and the actual output speed of the vehicle is 
obtained, the required torque and power of the 
vehicle are calculated based on the PID driver model. 
③ The transmission ratio and efficiency of the 
automatic transmission are calculated based on the 
main parameters, such as vehicle demand torque, 
power, and vehicle speed. 
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④ The output parameters of the engine and ISG 
motor can be obtained through the required torque, 
power, and vehicle control algorithm, namely, the 
automatic transmission speed ratio. Based on this, 
driving and energy recovery efficiency can be 
calculated. ⑤ The calculated efficiency is fed back to 
the fuel consumption model of the upper controller, 
and the optimal target vehicle speed at the next 
moment is optimized according to the updated fuel 
consumption model. Then, the procedure will be 
repeated back and forth. 

At present, almost all the control methods based 
on optimization have a common problem, that is, to 
achieve online optimization, the known cycle 
conditions are needed, or the known cycle conditions 
can improve the performance of the control 
algorithm [31]. For example, in DP (Dynamic 
Programming) method, the premise of global 
optimization is that the whole cycle condition is 
known, which is difficult to achieve in traditional 
HEV energy management. In ECMS, if the cycle 
conditions are known, the optimal equivalent factor 
can be obtained through optimization, and 
consequently, a better fuel economy can be gained 
together with a balanced SOC power battery. At 
present, there are many works of academic literature 
about the acquisition methods of cycle conditions, 
such as the condition prediction based on Markov 
decision, the condition identification based on neural 
network, and the condition prediction based on GPS 
(Global Positioning System) or GIS (Geographic 
Information System). These methods have some 
drawbacks, including poor real-time performance 
and poor accuracy. Besides, their optimization 
models are limited to specific conditions. To 
overcome these problems, some scholars have 
studied the speed prediction method based on the 
intelligent transportation system and used MPC 
(Model Predictive Control) algorithm to obtain the 
optimal target speed, including the speed 
optimization of a single vehicle and the speed 
optimization of a fleet containing multiple vehicles. 
Yet, there is little literature on the optimization of 
ECMS equivalent factors of multiple HEVs based on 
the speed predicted by intelligent network 
connection MPC, and there is little literature on the 
global optimization of energy management of 
multiple HEVs based on the predicted working 
conditions [32]. 

A properly-designed ECMS control algorithm can 
well maintain the SOC balance of the power battery. 
A fixed equivalent factor is chosen in the ECMS. 
When other driving conditions are replaced, the 
equivalent factor also needs to be adjusted. 
Otherwise, the control effect of ECMS may become 
worse. Therefore, some scholars have proposed to 
use A-ECMS for the energy management of HEVs. 
Compared with ECMS, A-ECMS has better 
adaptability to working conditions and can show 
good control effects in most working conditions [33]. 

Nevertheless, to ensure good performance under 
different working conditions, the final SOC of 
different vehicles varies tremendously. This 
indicates that when the working conditions change 
greatly, the A-ECMS method may not be able to 
balance the charge. The parameters of the A-ECMS 
control algorithm also need to be properly adjusted 
for different operating conditions [34,35]. Before the 
ECMS parameters can be adjusted, the cycle 
conditions should be known, and there are few 
works of literature on the optimization of equivalent 
factors through the prediction speed based on the 
intelligent network connection. Here, the prediction 
speed information can optimize the equivalent 
factor. The energy management diagram of 
equivalent factor optimization based on prediction 
information is shown in figure 2. 
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Figure 2 Energy management flowchart of equivalent 
factor optimization based on prediction information 

 
ECMS equivalent factor optimization is a 

nonlinear, non-differentiable, and constrained 
optimization problem. The GA can also optimize this 
kind of problem. Through a probabilistic search 
mechanism, GA can search the global optimum of 
multimodal optimization problems, as shown in 
figure 3. The optimization principle of GA is to 
evaluate the fitness of the population adaptive 
function value and then select, crossover, mutate to 
determine the next generation of the population. 
Finally, stop iteration until the stop criterion is met 
[36]. 
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Figure 3 Optimization principle of GA 
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3. Simulation Results 
3.1 ECMS Simulation Results after Equivalent 
Optimization 

 
The trajectory curves of four vehicles are 

obtained through MATLAB simulation based on UDP 
(User Datagram Protocol) communication, as shown 
in figure 4. 
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Figure 4 Vehicle speed trajectory based on the 
intelligent network connection 

 
Figure 4 suggests that four four-wheel-drive 

HEVs pass through 13 signal lights continuously, and 
their trajectories do not intersect with the red-light 
time window, so no vehicle has stopped during the 
red light. Besides, the trajectory of each vehicle has 
no intersection point, indicating that the intelligent 
network connection method can avoid the collision 
of four-wheel-drive HEVs. 
 
3.2 Control Effect of Real-time Efficiency 
Feedback 
 

To visually verify the impact of efficiency 
feedback on fuel economy, the fuel economy 
comparison of vehicles is illustrated with and 
without efficiency feedback, as shown in figure 5. 
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Figure 5 Fuel economy feedback results 

 
Figure 5 implies that the fuel economy of each 

vehicle with real-time efficiency feedback is higher 
than that without efficiency feedback. The average 
fuel economy of the four vehicles can be calculated. 
The fuel consumption per 100 km with efficiency 
feedback is 5.06 L, which is 6.47% higher than 5.41 
L/100 km of that without efficiency feedback.  

The speed curve indicates that the closed-loop 
hierarchical control model is established through 
real-time efficiency feedback. The fuel consumption 
model in the upper control system is corrected in 
real-time and becomes more accurate. Therefore, a 
smoother speed curve can be obtained through an 
optimized fuel consumption model which includes 
the real-time efficiency feedback. With a smooth 
speed, the HEV can work more efficiently, obtaining 
a higher fuel economy. 

The shape of the optimal speed curve of SPAT 
(Node Levelling Network Adjustment Calculation) is 
of great significance. To verify the control effect of 
the proposed control algorithm under other SPATs, 
the fuel economy of upper and lower control 
methods of SPAT3015 are illustrated for 
comparison, as shown in figure 6. 
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Figure 6 Results of fuel economy comparison (a) Fuel economy comparison under different methods (b) Fuel 

economy comparison under efficiency feedback 
 

Figure 6 (a) indicates that the fuel economy of 
each HEV based on ECMS is closer to the ideal 

situation than the benchmark method under 
SPAT3015. The average fuel consumption is 4.95 L 
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based on ECMS and 5.07 L based on the benchmark 
method.  

The fuel economy of the ECMS method is 2.37% 
higher than that of the benchmark method. Figure 6 
(b) shows the comparison of 100 km fuel 
consumption considering efficiency feedback or not.  

Obviously, for any vehicle, the fuel economy 
considering efficiency feedback is higher than that 
without efficiency feedback. For the average fuel 
consumption of 100 km, the average fuel economy is 
4.95 L with efficiency feedback and 5.22 L without 
efficiency feedback.  

The average fuel economy increases by 5.17% 
with efficiency feedback. 

 

3.3 Energy Control Effect of A-ECMS based on 
SOC Feedback 

 
Compared with the traditional ECMS, dA-ECMS 

(Equivalent Factor Adaptive Control Strategy Based 
on Discrete SOC Feedback) and cA-ECMS (Equivalent 
Factor Adaptive Control Strategy Based on 
Continuous SOC Feedback) are adaptive 
improvements based on the control principle of 
traditional ECMS. Their influence on fuel 
consumption reduction is more intuitive than ECMS. 
Figure 7 shows the extent to which dA-ECMS and cA-
ECMS deviate from the reference value at the end of 
the operation at different initial SOC values
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Figure 7 A-ECMS battery end SOC deviation: (a) cA-ECMS; (b) dA-ECMS 

 
Figure 7 shows that the dA-ECMS control 

algorithm based on discrete SOC feedback and the 
cA-ECMS control algorithm based on continuous SOC 
feedback has little difference in the equivalent fuel 
consumption and SOC curve, and the fuel-saving 
effect is similar. There are some differences between 
different working conditions. The traditional ECMS 
should obtain the road conditions in advance and 

obtain the optimal S0 through PMP, so under the 
same circumstances, the fuel economy is slightly 
better than the A-ECMS control algorithm based on 
SOC feedback. While the real-time performance of A-
ECMS is significantly better than that of the 
traditional ECMS [37]. 

The transition from traditional ECMS to dA-ECMS 
and cA-ECMS is shown in figure 8. 
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Figure 8 The change degree of ECMS to cA-ECMS and dA-ECMS (a) The change rate of equivalent fuel consumption 

from ECMS to A-ECMS; (b) The change rate in battery usage from ECMS to A-ECMS 
 

Figure 8 suggests that the overall trend of 
equivalent fuel consumption of dA-ECMS and cA-
ECMS gradually decreases with the increase of SOC 
initial value.  

While, compared with the traditional ECMS, the 
oil-saving rate decreased first and then increased, 
with a maximum increase of 1.1486% and a 
maximum decrease of 0.3465%. 
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In some cases, dA-ECMS and cA-ECMS consume 
less fuel than traditional ECMS, because their SOC 
initial value is lower than the SOC reference value of 
traditional ECMS. Although the goal of dA-ECMS and 
cA-ECMS adaptive control strategies is to ensure 
long-term power maintenance, the ultimate value of 
SOC does not have to equal to the initial value, so a 
slight gap is acceptable in real vehicle scenarios. As 
expected, the energy consumption of the battery has 
the same trend as the fuel consumption. Compared 
with traditional ECMS, the battery consumption of 
the cA-ECMS control algorithm based on continuous 
SOC feedback is the highest, while the battery 
consumption of dA-ECMS based on discrete SOC 
feedback is the second highest. 
 

4. Conclusion 
 

Here, the energy optimization management 
control method is studied of the four-wheel-drive 
HEV with predictive information. According to the 
rule-based control algorithm, the control algorithm 
based on ECMS is designed. Then, cA-ECMS and dA-
ECMS are proposed. Combined with the A-ECMS 
control algorithm, an online identification A-ECMS 
algorithm utilizing SOC feedback is established. The 
results show that the control algorithm gives full 
play to the advantages of the adaptive control 
algorithm and improves the adaptability of 
equivalent factors of HEVs. The equivalent fuel 
consumption and fuel-saving are over 15%. Besides, 
the fuel consumption, the total energy consumption 
of the motor, and the deviation of the SOC end value 
under different SOC initial values are compared. The 
results show that with the increase of the SOC initial 
value, the SOC deviation of the end state of the cA-
ECMS and dA-ECMS control algorithms are about 
0.6% and -1.6%, respectively. Meanwhile, the fuel 
consumption increases continuously, and the cA-
ECMS control algorithm tends to use fewer batteries. 
From the perspective of the adaptability of the 
equivalent factor, the equivalent factor of the dA-
ECMS control algorithm changes slightly and has 
good adaptability. This lays a solid theoretical 
foundation for the establishment of an energy 
management control algorithm for real-time vehicle 
control. 
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