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Abstract—The widespread integration of electric vehicles 

(EVs) into the electrical grid creates a new opportunity for 

frequency regulation. In this paper, to deal with the 

penetration of intermittent renewable energy and the time 

variance of system model, an online evolutionary 

mechanism is developed for the electrical-grid- 

electric-vehicle system. With a real-time decoder consisting 

of the long-short-term memory (LSTM) array, the dispatch 

center is upgraded from a passive executor to an intelligent 

analyst, which extracts the rolling features from multiple 

time scales. Based on the high-dimension decoding 

information from the LSTM array, a deep neural network 

(DNN) array is then embedded to provide strategic 

dispatch commands learning from the evolving memory. 

The whole decoder-dispatch framework is then upgraded 

with a unified online adaption technique to achieve 

gradient optimization and weight evolution. The proposed 

evolutionary structure is validated on a frequency 

management system to demonstrate its superior 

performance. 

 

Index Terms— online dispatch algorithm, long-short-term 

memory-deep neural network (LSTM-DNN) array, electric 

vehicles, electrical grid. 

I. INTRODUCTION 

IME-VARYING renewable energies are rapidly penetrating 

the conventional electrical system, which reduces the 

share of provided by thermal generators. It was reported 

that renewable energies including wind and solar are 

contributing more than 20% of supply in Germany and 
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Denmark [1]. Targeting at least 80% renewable electricity by 

2050, the large-scale integration of renewable energy sources 

has been supported by the German Renewable Energy Sources 

Act in Germany [2]. By 2020, according to Danish Energy 

Agency, the binding renewable objectives for Denmark are a 

total renewables share of 30%, a renewable share of 10% in 

transport, and a 20% carbon reduction [3]. Although the energy 

transition would slow down global warming and fossil fuel 

consumption, the variability and fluctuation introduced by the 

solar and wind have become significant issues for the electrical 

grid due to the changeable weather, various locations, different 

devices, etc. From the measurement data of Electric Power 

Research Institute (EPR) in June 2012 [4], a 190kW PV system 

experienced frequent variation during the 7 am-12 pm, with the 

ramp rate reaching 23kW per second in Fig. 1. Considering the 

increasing penetration of renewable energy, the risk and 

uncertainties caused by stochastic renewable generation can no 

longer be neglected. 

Besides these energy trends, the acceleration of transport 

electrification is also reconfiguring the electrical grid. It was 

reported that the incorporation of electric vehicles (EV) into 

electrical power systems would provide a new means of 

increasing system reliability [5]. Since 2006, the Chinese 

government has been setting the development of electric 

vehicles as priority themes in the national long-term 

development plan (2006–2020) [6]. The proper arrangement of 

EV loads may benefit the utility by shaving peaks, filling 

valleys, and absorbing renewable energy generation. However, 

various vehicle types and traveling purposes lead to variations 
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Fig. 1.  The PV power variations of 8 days in June, 2012. 
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in the behaviors of EVs. Because of different driving plans and 

temporary tasks, the whole EV network would be time-varying 

most of the time [7], which could barely be described with one 

uniform and simple model. Moreover, on account of the 

electro-chemical-dynamics from heterogeneous batteries, 

battery capacities and charging rates varied with their health 

statuses, aging effects, and manufacturing processes [8]. 

Coupling with the parameter uncertainties of whole electrical 

grid, the online time variance of the grid-vehicle system would 

be more challenging, especially considering the predication 

burden from the intermittency of renewable energies. 

Frequency is an important index in the electricity industry, 

which is directly related to the normal operation of the 

electrical-grid-electric-vehicle system, especially considering 

the growing penetration of stochastic renewable energy. When 

the low frequency nadir or high rate of frequency change 

occurs, the operation of electrical grid would suffer from 

unscheduled load curtailments, frequency crashes, cascading 

tripping, which might finally induce a large-scale outage for the 

whole system [9]. On 9-August-2019, a blackout was triggered 

in Britain with a severe dip of frequency to 48.88Hz. In less 

than an hour, around 936,000 people in England and Wales 

were affected, and travel across the country was disrupted and 

suspended [10]. Because of the increasing energy density and 

the sale volumes, EVs have the potential to participate in the 

secondary frequency regulation of the electricity grid. 

According to the regulation target and timescale [11], EVs 

could be involved in the primary, secondary, and tertiary 

frequency responses. By designing the EV charging modes, the 

power demands from EVs were adjusted to support the primary 

frequency control within 10-60 seconds [12]. Different from 

the primary response requirement facing short-term frequency 

changes within seconds, the secondary frequency regulation 

was a relatively long-term control, which employed EV to 

restore the grid scheduled frequency within the recovery period 

of 1-10 minutes [13]. For the economic benefits of EV 

aggregators, the vehicle power was optimized in 10-60 minutes 

[14]. Given the model unpredictability from EVs and 

renewable sources, and the large sum of economic losses, there 

is an urgent need to evolve the current frequency management 

system. 

For the conventional electrical grid consisting of thermal 

generating units, linear methods such as integral or 

proportional-integral controllers were widely utilized as the 

secondary frequency regulation approaches [15]. Even if there 

is a small modification of the turbine from non-reheated type to 

reheated type [16], the performance of the original dispatch 

center based on linear methods would suffer due to the model 

dependence of controllers. Nonlinear techniques such as sliding 

mode control [17] and fuzzy logic system approach [18] have 

been exploited to achieve the load frequency control for the 

power system. To enhance the frequency regulation 

performance with vehicle-to-grid implementation, an 

optimized fuzzy controller was used in [19] to control EVs in 

the deregulated power system. Responding to the area control 

error, EV charging was controlled by fuzzy rules and 

membership functions to compensate for the power imbalance 

in the secondary frequency control [20]. By the 

single-hidden-layer neural network, [21] developed an adaptive 

controller for the frequency response of EVs. However, the 

employment of a single-hidden-layer neural network burdens 

the effective extraction of complex temporal feature. Moreover, 

these controllers are all based on either the original model or 

offline experience, to design the regulation laws, which are not 

able to evolve with their fixed parameters set offline. For the 

time-varying and heterogeneous electrical-grid-electric-vehicle 

system, the model difficulty and computational burden would 

further limit the applications of those methods. Furthermore, 

without self-learning and online adaptation mechanisms, the 

original dispatch center inflexibly regulates each frequency 

variation case, which not only leads to low dispatch efficiency 

but also is incompetent facing unknown circumstances. 

Facing those challenges of internal variations and external 

intermittences, the original dispatch strategy needs to be 

simultaneously strengthened with an online decoder for 

evolutionary learning of system status and an executor for 

complex decision making that incorporates continuous and 

rolling system variations. From a passive executor to an active 

thinker, the long short-term memory (LSTM) network provides 

a feasible scheme for the decoder. As one type of recurrent 

neural network, Hochreiter and Schmidhuber proposed LSTM 

to efficiently store information over extended time sequences 

[22]. Inside the network, long-term and instantaneous 

memories organically interact, which successfully avoids the 

vanishing of error signal backpropagation. In [23], LSTM units 

were employed to identify the real-time power imbalance for 

Singapore’s power system. In terms of energy user 

uncertainties, the short-term load forecasting was also achieved 

via LSTM [24]. With natural advantages on feature extraction, 

the deployment of LSTM array might have the potential to play 

the decoder role, accumulating fluctuation knowledge from the 

online frequency regulation. However, the online performance 

of LSTM array remains to be investigated. 

On account of the high-dimension feature extracted from the 

time sequences and the various demands from different EV 

aggregators, the deep neural network (DNN) and its 

combination with the graphics processing unit (GPU) emerge 

as a promising answer for decision making dealing with 

real-time condition changes. In [25], deep recurrent neural 

network learning was presented to generate a near-optimal 

scheduling policy for the microgrid economy. To optimize the 

demand-side energy management, a DNN was trained based on 

the historical data to model the response from local operators 

[26]. With two contesting DNNs, the generative adversarial 

network was utilized to fill up PMU data for security 

assessment [27]. Meanwhile, the power of parallel computation 

from graphic processing units (GPUs) has been applied to 

several power system applications. [28] reported that the power 

flow computation speed can be 2.86 times faster with the help 

of GPU. The employment of gradient methods with a GPU was 

also suitable for speeding up complex computation [29]. The 

high efficiency and output effectiveness show DNN and GPU 

merits as a promising dispatcher interfacing LSTM. However, 

to our best knowledge, there is no clear report about their 
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application and computation results in online frequency 

management. 

Motivated by these gaps, this paper proposes a 

decoder-dispatch framework based on the interconnection of 

LSTM and DNN, which formulates the closed dispatch loop for 

the frequency regulation. Apart from the decoder-dispatch 

paradigm, a rolling evolutionary method is also developed to 

gradually upgrade the dispatch center with real-time optimal 

gradient and the squared gradient. Through the separate design 

of two neural networks and the unified adaption of real-time 

scenarios, the rolling decoder-dispatch framework can be easily 

integrated with various existing techniques and objectives to 

test their management performance. In addition, the removal of 

offline training and the implementation of GPU further boosts 

the framework for online deployment.  

This work is different from existing studies in the five 

aspects: 1) modular framework, 2) LSTM role, 3) DNN role, 4) 

online evolutionary mechanism, 5) comparison 

comprehensiveness and design workflow for the framework. 

From these five aspects, the contributions of this paper are 

summarized and explained as follows.  

1) Decoder-dispatch framework. This paper decouples the 

complicated management task of the time-varying 

electrical-grid-electric-vehicle system considering the 

stochastic renewable energy, where a decoder-dispatch 

framework is established mimicking the human dispatcher 

loop. By this framework, various techniques can be 

simultaneously employed in the decoder module and dispatch 

module. However, in existing studies [19], [20], [21], their 

main concern is to design a better dispatch module offline. As 

an extension of their work, the decoder module for the 

extraction of time-sequence information and the online 

evolutionary mechanism are both investigated in this study. 

2) Temporal LSTM network learning. Due to the temporal 

characteristics from the frequency deviation, the LSTM 

network is embedded in the decoding part, which evolves 

rolling memory with real-time circumstances. As an effective 

technique for the information extraction in the temporal order 

[22], the LSTM network was trained offline in [23] to identify 

the power fluctuation and in [24] to forecast the short-term 

residential load. Different from the fitting role in existing 

studies, the LSTM array is utilized as a temporal decoder for 

the frequency management in this work, which learns the 

high-dimension system feature during the continuous 

operation. 

3) DNN interface and dynamic dispatch. Absorbing the 

high-dimension information, an intelligent DNN is interfaced 

with the LSTM output to generate the dispatch command 

playing as the decision-maker. With the stack of multiple 

layers, DNN has been trained in [25], [26], [27] to model the 

relationship between given inputs and outputs. However, the 

DNN array plays as the interface of the temporal network in this 

work, which generates the dispatch commands for the 

electrical-grid-electric-vehicle system. 

4) Rolling evolutionary mechanism. Instead of a static 

regulator, a two-layer rolling mechanism is developed, which 

maximizes the LSTM analysis capacity in the first layer with 

rolling inputs and evolves the LSTM-DNN system gradient in 

the second layer. Previous researches in [21]-[26] usually 

implement sufficient training offline, but the proposed 

decoder-dispatch framework is implemented online. The 

rolling gradient backpropagation is performed in the whole 

network and activated only if the absolute and relative 

frequency deviations both exceed the thresholds. 

5) Complete validation tests and framework design 

workflow. The complete validation tests are carried out from 

six aspects: renewable energy fluctuation, electrical grid 

variations, electric vehicle variations, comparisons with linear 

and nonlinear methods, compatibility with the existing 

approach, and robustness tests on different datasets. The design 

workflow for the framework parameters is also developed 

considering the features of frequency management and deep 

network. 

Besides the demonstrated deep learning methods, the core 

idea of this work is to develop a unified online 

decoder-dispatch framework for the frequency management of 

the electrical-grid-electric-vehicle system. Following the 

proposed decoder-dispatch framework and demonstrated case 

studies, various techniques, including traditional controllers, 

deep learning methods, or even the integration of traditional 

and deep learning methods, can participate in the real-time 

dispatch task facing the increasing penetration of renewable 

energy and electrical-grid-electric- vehicle dynamics. 

The remainder of this paper is as follows. In Section II, an 

outline of the electrical-grid-electric-vehicle system is 

presented as well as a review of the frequency regulation 

problem. In Section III, to address the problems of model 

uncertainty and disturbance randomness, a decoder-dispatch 

structure is then designed allocating the complicate task to 

LSTM and DNN, respectively. A two-layer rolling and online 

updating principle are developed in Section IV, which iterates 

two network interface and the whole dispatch center in parallel. 

Section V demonstrates the merits of proposed framework and 

online evolution mechanism on a typical frequency regulation 

system. Also, experimental results with GPU devices are 

presented. Finally, the conclusions are drawn in Section VI. 

II. SYSTEM STRUCTURE AND FREQUENCY PROBLEM 

The penetration of intermittent renewable energy and the 

popularization of EVs are transforming the original electrical 

grid. In this section, the system configuration and the emerging 

frequency issue are reviewed. 

A. Time-varying Electrical-Grid-Electric-Vehicle System 

The conventional frequency regulation system is shown in 

Fig. 2 with a grey color. Generators are aggregated as an 

equivalent generation unit consisting of the governor, reheat, 

and turbine [30]. Considering the lumped inertia M(t) and 

damping D(t) of power system, the grid frequency is derived as 

 

( ) 1 1
Δ ( ) Δ ( ) Δ ( ) Δ ( )

( ) ( ) ( )
g r

D t
f t = f t + P t P t

M t M t M t
    (1) 

where Δf(t), ΔPg(t) are the time-varying frequency deviations 
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and generator power output, respectively. Through ΔPr(t), 

renewable energy intermittences from PVs, wind farms, and 

tidal power in yellow color are continuously injected into the 

grid disordering the whole system. 

In Fig. 2, the time-varying incremental values of governor 

ΔXg, reheat ΔPm, and governor outputs ΔPg in (2)-(4) also 

contribute to the system uncertainties 

 

1 1
Δ ( ) Δ ( ) Δ ( )

( ) ( )
g g g

c c

P t = P t + X t
T t T t

      (2) 

 

( )Δ ( ) ( ) ( ) ( ) ( )Δ ( )
Δ ( ) Δ ( ) ( )
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1 1 ( )
Δ ( ) Δ ( ) Δ ( ) ( )

( ) ( ) ( ) ( )

0
g g

g g g

α t
X t = f t X t + u t

R t T t T t T t
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where Tc(t) is the time coefficient of turbine, Tr(t) is the reheat 

time coefficient, Fp(t) is the fraction of total turbine power, 

Tg(t) is the time coefficient of governor actuator, R(t) is the 

droop coefficient indicating the relationship between the 

frequency deviation and the gate position, α0(t) denotes the 

participation ratio of aggregated thermal generator. 

With the bias factor β, the area control error ACE(t) signal of 

the power system is obtained as 

 

ACE( ) Δ ( )t = f t         (5) 

 

The traditional dispatch command via proportional-integral 

(PI) controller is then formed based on the ACE signal [17] 

 

( ) ( ) ( )EG P Iu t = -K ACE t - K ACE t dt     (6) 

 

Besides the internal parameter variations of the electrical 

grid and the external renewable energy injection, the 

participation of EVs is aggregating to be the other variable 

energy group. Taking the simplified EV aggregators in [13] as 

examples, a large number of electric vehicles are simply 

described as the following first-order transfer function 

 

( )
( )

1 ( )

k

k EV

EV k

EV

K t
G s =

+ sT t
       (7) 

 

where ( )k

EVK t  is the output gain of the kth EV aggregator, 

( )k

EVT t  is the corresponding battery time efficiency. The power 

contribution from the kth aggregator (k=1,…, n)  is 
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( ) ( )
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k k kk EV
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P t = P t + u t
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where αk indicates the aggregator participation ratio. 

With 
1( ) [Δ ( ),...,Δ ( )]n T

EV EV EVt = P t P tx , the EV system dynamic is 

 

( ) ( ) ( )EV EV EV EV EVt t u t x A x B      (9) 

 

where
1( ) { 1/ ( ), , 1/ ( ), , 1/ ( )}k n

EV EV EV EVt diag T t T t T t     A , 

1

1

1

( ) ( ) ( )
( ) { , , , , }

( ) ( ) ( )

k n

EV k EV n EV

EV k n

EV EV EV

K t K t K t
t diag

T t T t T t

  
   B . 

With (1)-(9), the state-space model of the frequency 

regulation system is established 

 

( ) ( ) ( ) ( ) ( ) ( ) ( )rt t t t t t P t  x A x B u + F     (10) 

 

where ( ) [Δ ( ), Δ ( ), Δ ( ), Δ ( ) ]TEG g gt = f t  P t  X t ACE t dtx , ( ) [ , ]T

EG EVt x x x , 

( ) [ , ]T

EG EVt uu u . The expressions for A(t), B(t), and F(t) are 

attached in Appendix A. 
Despite several assumptions made to simplify the whole 

system, the electrical-grid-electric-vehicle system (10) still 

exist enormous parameter and model uncertainties seen from 

the A(t), B(t), and F(t). Not only lumped coefficients D(t), M(t), 

Tc(t), Tr(t), Tg(t), 
1 ( )EVT t ,…, ( )n

EVT t , Tg(t), Fp(t) are hard to 

determine, the variability from ΔPr(t) and EV aggregation time 

would both modify the system dimension and structure. 

B. Frequency Problem 

As shown in (10), the system frequency suffers from the 

disturbances from three aspects:  

1) Grid dynamics: During the real-time operation, it is 

difficult to reflect the huge grid with only (1)-(4). The limited 

equations can barely reflect complicated system dynamics and 

parameter values are continuously changing. 

2) Random EV charging and discharging: With time-varying 

 
Fig. 2. Electrical-grid-electric-vehicle system. 
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EV number and battery statuses, the representation accuracy of 

EV aggregation with a first-order transfer function (7) remains 

to be improved. 

3) Renewable intermittence. Considering the stochastic 

resources such as solar, wind, tide in Fig. 2, the frequency 

variation would become more common with the higher level of 

renewable energy penetration. 

To avoid the blackout risk caused by the frequency 

deterioration, the following traits are needed for the regulation:  

1) Active analysis: The lack of accurate model hinders the 

optimization in advance. Moreover, the traditional approach 

passively manages the system according to the current ACE 

signal or frequency deviation, which is unable to make 

decisions based on the rolling signal variation. 

2) Continuous adjustment: The instantaneous power 

fluctuation could reach more than 10% from Fig. 1, which is 

also different every day. The manual and duplicated dispatch 

scheme are both slow and inaccurate during responses. 

3) Online evolution: Making use of past and real-time data is 

core in the decision-making process. Hence, it is necessary for 

the regulator to self-evaluate and renew its knowledge. 

III. ROLLING EVOLUTIONARY DECODER-DISPATCH 

FRAMEWORK 

In response to the complex tasks for frequency regulation, 

this section designs a rolling-evolutionary framework, shown 

in Fig. 3 for the electrical-grid-electric-vehicle system. This 

framework decouples the heterogeneous online management 

into three subsystems of decoder, dispatch, and evolution. The 

independent application of LSTM or DNN has been 

well-developed, which is trained offline for the classification or 

regression. On the basis of their advantages, i.e., LSTM for the 

temporal signal analysis and DNN for the big data processing, 

this paper extends their application in the secondary frequency 

dispatch and integrates these two types of neural networks for 

the implementation of proposed framework. 

A. Rolling Decoder Based on Deep LSTM Array 

Considering the continuous frequency fluctuation, the deep 

long short-term memory (LSTM) [16] array is deployed in Fig. 

3 as a decoder example extracting time-series information. The 

structure of the LSTM cell comprising the forget gate, update 

gate, output gate is shown in Fig. 4. With the weights W(f, u, o) 

and bias b(f, u, o), the activation function of the three gates is the 

sigmoid function to determine the information importance, 

which is denoted as σ. The output of the gate ranges between 0 

and 1. 0 denotes discard, while 1 indicates the information 

should be utilized. 

To extract the relationship from the rolling ACE sequence by 

 
Fig. 3.  Rolling evolutionary decoder-dispatch framework. 

 

 
Fig. 4.  Deep LSTM decoder array. 
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the neural network, the previous decoding information dp-1,q is 

sequentially transmitted to the next decoding process at t=p 

obtaining the next gate input xin in (11). Without duplicate 

calculation, the inputs of three gates are the same 

 

1,

T

in p q iACE
   x d        (11) 

 

Besides the real-time rolling, as another advantage of the 

LSTM network, the ACEi in (11) can be extended as a tensor 

input ACEi, which forms the rolling tensor input 

 

 i i T iACE ACEACE    (12) 

 

Based on the rolling input xin, the forget gate of LSTM cell 

partially erases the unnecessary message in the cell formulating 

the transmitting memory ,

f

p qC . Meanwhile, the update gate 

extracts the useful cue ,

u

p qC  for the memory update. The 

historical memory ,

f

p qC  and the instant trait ,

u

p qC are integrated 

forming the sequential decoding tensor ,p qd  

 

, , ,

f u

p q p q p q C C C         (13) 

 

, , ,tanh( )p q p q p q d o C       (14) 

 

where , ( )p q o in o o W x b  is the decoding coefficient. The 

formulation processes of transmitting memory ,

f

p qC  and 

transient update ,

u

p qC  are attached in Appendix B. 

Through the conveyor belt indicated in the red line, the cell 

state Cp, q runs straight down the entire chain with only some 

minor linear interactions, which guarantees long-term memory. 

In the meantime, the temporary fluctuation feature contributes 

to the cell state through gates consisted of the sigmoid neural 

net layer forming the decoding tensor in (14). 

B. Intelligent Dispatch with DNN Array 

Absorbing the high-dimension decoding tensor from the 

deep LSTM-based decoder, the deep neural network is then 

deployed as a dispatch case in Fig. 5. The natural multiple 

inputs and multiple outputs feature makes a deep neural 

network suitable for the decision making of various subjects. 

Furthermore, the parallel computation capacity of GPU can be 

fully utilized with the combination of DNN, which improves 

the online performance. 

From the r layers DNN in Fig. 5, the input layer is made by 

the decoding tensor ,p qd . Connecting with the DNN, the 

fluctuation information is broadcasted in the neural network. 

By a fully connected network, the vth node state in jth layer is 

 
1 1 1

,

j j j j

v v y y v

y

z w o b           (15) 

 

where 
1

,

j

v yw 
 is the weight between the vth node in jth layer and 

the yth node in (j-1)th layer, 
1j

vb 
 is the bias of (j-1)th layer. 

Assuming the action function 
,DNN j  in this corresponding 

layer, the output of this node is formulated as 

 
,

, ( )v j j

DNN DNN j vo z         (16) 

 

Various action functions such as Leaky Rectified Linear Unit 

(Leaky ReLU) [32] could be used in (16). Summarizing 

(15)-(16), the dispatch command tensor for electrical grid or 

EV aggregators is successively produced 

 
1 1( ) [ , ] ( )T r r

EG EV DNNt u   u u z     (17) 

 

C. Online Framework Evolution 

To avoid redundant offline training, a unified online 

evolution strategy is developed for the decoder-dispatch 

framework, which adjusts the network gradient based on the 

real-time operation. In this section, the optimization of 

instantaneous and relative frequency deviation is illustrated as 

an example. The rolling frequency fluctuation sequence 

propagates up to the hidden units at each layer and finally 

produces the power command for the EV aggregators and 

electrical grid. The next frequency status Δft is then determined 

with the instantaneous variation 

 

1in te f            (18) 

 

where ║ ║1 is the L1 norm presented here as an example. To 

enhance the online stability, the loss of mean square error can 

 
Fig. 5.  Deep neural network dispatch array. 
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also be adopted. Also, the relative dynamic is obtained 

 

1 1re t te f f           (19) 

 

Considering instantaneous and relative deviations [9], the 

loss function can be integrated combining these two parts 

 

in in re reLoss e e          (20) 

 

where ωin and ωre are the weights for the two kinds of errors. 

The backpropagation algorithm firstly computes the gradient 

of the cost function. Based on the gradient calculated by the 

backpropagation algorithm, the optimization methods would 

then perform gradient-descent in an online manner. The 

derivation of framework gradient for the weights and biases are 

attached in Appendix C. 

To achieve the online optimization gradient, various 

stochastic optimization approaches can be employed. Among 

them, Adam (adaptive moment estimation) is a method that 

only requires estimates of first and second moments of the 

gradients with little memory requirement [31]. Combining the 

advantages of adaptive gradient algorithm and root mean 

square propagation, the exponential moving averages of the 

gradient (mc) and the squared gradient (vc) are both deployed to 

adapt the parameter learning rates. The hyper-parameter β1∈[0, 

1) controls the exponential decay rates 

 

1 1 1 1(1 )c c cm m g           (21) 

 

By β2∈[0, 1), the second raw moment estimate is obtained as 

 
2

2 1 2 1(1 )c c cv v g            (22) 

According to the average gradient and β1, the moving 

average is corrected as 

 

1
ˆ / (1 )c

c cm m           (23) 

 

Similarly, the bias-corrected second raw moment is derived 

 

2
ˆ / (1 )c

c cv v            (24) 

 

With adjusted ˆ
cm  and ˆ

cv , network parameters are updated 

based on the real-time gradient. The pseudo-code of proposed 

algorithm for unified online adaption is given in Table I. 

Summarizing Subsection A-C, the flowchart of the rolling 

decoder-dispatch framework is depicted in Fig. 6, which 

includes six implementation stages (rolling input, sequence 

normalization, LSTM decoding, DNN dispatch, loss 

generation, and online evolution).  

D. Framework Design Workflow 

The parameters of LSTM and DNN are designed based on 

the following four procedures: framework structure 

establishment, LSTM array setting, DNN array setting, and 

value initialization. 

 Framework structure establishment: 

For a deep network framework, [33] pointed out that layers 

in the front of a network are used to extract the input feature, 

while the deep layers of the network tend to filter and combine 

the shallow features. Therefore, the node number of front layer 

is more than that of next layer, which makes the shape of whole 

neural network like a pyramid. 

Following this principle, the whole LSTM-DNN structure is 

designed from the last layer. The node number of in the last 

TABLE I  
ONLINE FRAMEWORK EVOLUTION ALGORITHM 

Algorithm  Online gradient evolution of decoder and dispatch 

Input: The dispatch command generated by the LSTM-DNN layers. 

Output: Network weight updation of LSTM array and DNN array. 
1 Transfer the grid and EV regulation commands ,EG tu , ,

k

EV tu  

(k=1,2,…,n) to physical system; 

2 Electrical grid and aggregated EVs generates the power 
,EG tP , 

,

k

EV tP (k=1,2,…,n) for the frequency regulation; 

3 The electrical grid frequency responses according to power 

outputs and the renewable energy disturbance ΔPr,t; 

4 The absolute frequency deviation is calculated ein=||Δft||; 
5 The relative frequency deviation is calculated ere=||Δft- Δft-1||; 

6 If ein>Erroin || ere>Errore (Erroin and Errore are threshold values) 

7    Construct the loss function 
in in re ree e   based on the 

absolute and the relative deviations; 
9     c:= c+1 

10     Get weight/bias gradients with ( )c cg Loss   

11     Update first moment estimate by 
1 1 1 1(1 )c c cm m g      

12     Update second moment estimate 2

2 1 2 1(1 )c c cv v g      

13     Calculate the average-corrected with 1
ˆ / (1 )c

c cm m    

14     Calculate the bias-corrected via 2
ˆ / (1 )c

c cv v    

15     Parameter updation 1
ˆ ˆ/ ( )c c c clr m v      , ԑ is a very 

small number to prevent zero division, lr refers the learning rate 

16 End if 

 

 
Fig. 6.  Evolutionary decoder-dispatch framework. 
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layer of network is set the same with the number of EV 

aggregators. Multiplying by 2 successively, the node number of 

each layer is then calculated formulating a pyramid in Fig. 7. 

 DNN array setting: 

After the establishment of framework structure, the DNN 

array is further optimized for the online deployment. 

Considering the depth of neural network, the layer number of 

DNN should satisfy Ldnn≥4 for the enhancement of regulation 

performance. For the online efficiency, the DNN layer number 

could be either 5 with node number of (64, 32, 16, 8, 4) or 4 

with node number of (32, 16, 8, 4). To compare these two 

options, the frequency waveform is presented in Fig. 8. From 

Fig. 8, the grid frequency performance does not improve when 

the layer number increases from 4 to 5. Hence, the DNN layer is 

set as Ldnn=4 to boost online efficiency. 

 LSTM array setting: 

The setting of LSTM array depends on the numbers of 

hidden layer nodes and layer. Because the secondary frequency 

regulation occurs in the timescale of 1-10 minutes [11], the 

node number Nlstm of LSTM can be selected based on the 

timescale of minute. As the PV fluctuation data were measured 

every 1 second in [4], the minimum node number is 

Nmin=1min/1second=60. To sufficiently utilize the capacity of 

LSTM, the hidden layer node is set at least twice of the 

minimum node number to extract the temporal feature from 

rolling 2 minutes, which means Nlstm≥2Nmin. According to the 

existing research [34], the number of hidden layer is usually 

selected with 2l, l=1, 2, 3, …, for the convenient arrange of 

node number on other layers. Hence, the hidden layer node of 

LSTM is selected as Nlstm=27=128≥120. After the selection of 

hidden layer nodes, the layer number Llstm is tested from 1 to 

guarantee online efficiency. The frequency regulation results of 

layer number 1 and 2 are depicted in Fig. 9. As can be seen from 

Fig. 9, the frequency waveform at Llstm =1 is smoother than that 

of Llstm =2. It means that only one LSTM layer with the node 

number of 128 is adequate for the secondary frequency 

regulation. The gradient backpropagation may suffer from 

difficulties for this frequency regulation system when the 

LSTM decoder is very deep. The advantage of LSTM and DNN 

interconnection is also shown comparing Fig. 8 and 9. 

 Value initialization: 

After the selection of framework architecture, the 

initialization is another important factor affecting the regulation 

performance. Following the guidance of Pytorch [35], the 

uniform distribution is employed for the initialization task, 

which is expressed as 

 

, ~ ( , )W b U bound bound       (25) 

 

where 1/ inbound f , inf is the input size of each network 

layer. 

Following these four procedures, the framework structure, 

DNN array, and LSTM array, value initialization can be 

determined for the online frequency regulation. 

IV. CASE STUDIES 

A. Validation System 

In order to verify the effectiveness of the proposed 

decoder-dispatch framework for the hybrid vehicle-grid 

system, a power system model including two EV aggregators 

and the power plant dynamics is chosen. The typical values of 

the parameters are listed in Table II and the corresponding 

frequency performance is shown in Fig. 10. The grid frequency 

in Fig. 10 is maintained between 49.9Hz and 50.10Hz, which 

will not activate the action of regional transmission 

organization [36]. It should be noted that all parameters in 

 
Fig. 7.  Framework structure establishment. 

 

 
Fig. 8.  DNN array setting test. 
 

 
Fig. 9.  LSTM array setting test. 
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Table II might vary during practical operation. Although Table 

II provides a fixed model and parameter values according to 

references, the real-time electrical-grid-electric-vehicle system 

is time-varying. The operating states of electrical grid and the 

aggregation states of electric vehicles are not the same all the 

time, which makes these parameter values uncertain during the 

practical operation. Therefore, without the dependence on the 

system model, this work develops the decoder-dispatch 

framework and online rolling evolution mechanism to actively 

learn the system variation and evolve during the operation. 

According to [37], the electrical grid in the frequency 

regulation system is represented by three parts: speed governor, 

turbine, rotating mass and load. The speed governor controls 

the admission of steam to the turbine. The stored energy of 

high-pressure and high-temperature steam is then converted 

into the rotating energy by a steam turbine, which combines 

with the power from renewable energies and electric vehicles. 

The rotating masses from grid generators provide the inertia M 

to overcome the instant power imbalance. Because of motor 

loads in the power system, their electrical power changes with 

frequency due to the changes in motor speed, which introduces 

the damping coefficient D in the power system. The PV 

measurement data on June 18-24, 2012 from Electric Power 

Research Institute are imported as the renewable energies [4]. 

1-second resolution power data are implemented as the 

uncertainties to disturb the electrical grid frequency. As the 

damping coefficient D also affects the steady-state frequency in 

the secondary frequency regulation, the damping dip of the 

power system is tested as another uncertainty for the proposed 

method. The parameters of the electric vehicles are selected 

from [30]. Considering the time delay during the EV 

aggregation, the EV aggregation time is varied from 0.1s to 10s 

to validate the dispatch framework. 

The whole decoder-dispatch network and algorithm, as 

shown in Fig. 3 and Fig. 6-7, are programmed and implemented 

with Pytorch on a desktop computer with a 3.8 GHz Intel i7600 

processor and 16GB of memory. To implement the developed 

scheme, the system is further deployed on NVIDIA 2080Ti 

GPU and CUDA deep neural network library for the real-time 

dispatch. 

B. Time-varying Electrical Grid 

During the real-time operation, all the electrical grid 

parameters might suffer from different variations, which 

challenges the uniform parameter setting in traditional dispatch 

methods. Without offline tuning, according to the proposed 

framework in Section II-III, a decoder-dispatch network is 

established with one-layer LSTM array and four-layer DNN as 

an example. The hidden nodes in LSTM is 128, while there are 

32, 16, 8, 4 nodes in the four DNN layers. The Leaky ReLU is 

selected as the activation function of DNN with a small slope 

α=0.01. The rolling inputs for the decoder are extended to 10 

sequences for the better versatility, and the learning rate during 

the online evolution is 0.0002. ωin and ωre are set the same 

value 1. ωin can also be adjusted to 10 for the fast evolution 

facing small frequency deviations. The parameters of 

LSTM-DNN array are summarized in Table III. Facing the 

solar disturbance of 17 June, the frequency fluctuations of a 

conventional electrical-grid-electric-vehicle system with 

traditional PI controller and the proposed decoder-dispatch 

framework are depicted in Fig. 11.  

TABLE II  

SYSTEM PARAMETERS 

Parameter Symbol Value 

Electric grid   

Turbine constant Tc 0.3 

Reheat constant Tr 12 
Turbine fraction Fp 1/6 

Governor constant Tg 0.2 

Inertia constant M 8.8 
Damping coefficient D 1 

Droop coefficient R 1/4 

Bias factor β 3 
Grid participation rate α0 0.8 

Proportional gain KP 2 
Integral gain KI 1.6 

Electric vehicle   

Aggregator 1 α1 0.02 
Aggregator 2 α2 0.18 

Charging/discharging coefficient 1

EAK , 2

EAK  1 (kW / Hz) 

Aggregation time constant 1

EAT , 2

EAT  5 (s) 

 

 
Fig. 10.  The grid frequency without time-variations. 

 

TABLE III 

PARAMETERS OF LSTM-DNN ARRAY 

Parameter Symbol Value 

Learning rate lr 0.0002 

LSTM layer number Llstm 1 
LSTM hidden layer node Nlstm 128 

DNN layer number Ldnn 4 

DNN hidden layer node Ndnn (32, 16, 8, 4) 
Leaky ReLU slope α 0.01 

Absolute error threshold Erroin 1e-6 

Relative error threshold Erroin 1e-4 
Denominator threshold ԑ 1e-8 

Decay rate of first moment β1 0.9 

Decay rate of second moment β2 0.99 

 

 
Fig. 11.  The frequency variations with the real-time damping variation. 
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As shown in Fig. 11, without any offline training, the 

proposed framework requires only 17s to learn the system 

online, which reaches the same performance as the traditional 

dispatch method after the pink area. At 15:20:30, a slight dip of 

system damping D from 1 to 0.8 is assumed to present the 

real-time electrical grid dynamic. Because of this small internal 

disturbance, the f oscillation increases to 50.74Hz at 15:29 am 

under the traditional error elimination approach. However, the 

new dispatch method maintains the frequency stability with the 

maximum deviation of only 0.17Hz. 

As the time-varying penetration level of electric vehicles, the 

participation ratio a0 is defined as the output power ratio 

between electric vehicles and the electrical grid [30], which 

indicates the EV penetration level. Setting this time-varying 

coefficient to 10%, 40%, and 50%, the frequency regulation 

results are depicted in Fig. 12. It can be seen that the 

coordination between electrical grid and electric vehicles are 

boosted through the proposed method. The EV participation 

rate is able to reach 50% due to the online framework, while the 

system frequency would violate ±1 Hz under the previous 

approach. 

C. Time-varying Electric Vehicle Aggregation 

Apart from the variation in the electrical grid, the 

aggregation status of electric vehicles is also affecting the 

whole system. To investigate the impact of aggregation time, 

the time coefficient TEA is changed from 0.1 to 10 in Fig. 13. 

The smooth waveforms indicate that the decoder-dispatch 

system can adjust well to the electric-vehicle dynamics, which 

restores the frequency between 48.8Hz and 50.2Hz. 

Furthermore, the PV fluctuation and corresponding power 

commands generated by proposed and traditional methods are 

presented in Fig. 14 to further explore the advantage of 

proposed strategy under 1 2 0.1sEA EAT T  . Suffering a 0.68p.u. 

PV disturbance, the proposed dispatch method decodes the 

variation trend and compresses the power command with 

0.77p.u. By contrast, the traditional dispatch signal varies 

according to the external disturbance without the decoding 

mechanism, which requires an extra 0.33p.u. power. 

D. Evolution and Compatibility with the Existing Approach 

Because of the rolling inputs and online evolution algorithm, 

the dispatch center based on the LSTM-DNN is constantly 

learning, as shown in Fig. 15. After learning the first operation, 

the re-loaded system model can rapidly get used to the 

environment. Facing the disturbance between 15:36 am to 

15:38 am, without any learning, the proposed method prevents 

the system frequency from falling below point A (49.83 Hz). 

Once this scenario is learned, the framework is able to stop the 

frequency from falling below Point B (49.91Hz) under the 

same scenario. By learning only four times, the deviation is 

reduced to 0.005 Hz. 

To detect the compatibility of the proposed method with the 

existing method, the decoder-dispatch system is deployed as 

the EV dispatch center, while the PI controller manages the 

conventional regulation system. It can be seen from Fig. 16 that 

the online decoder-dispatch network works well with the 

conventional one. Compared with Fig. 10, the mean square 

error is decreased from 0.00675 to 0.00000292. To further 

illustrate the regulation improvement, the single-hidden-layer 

neural network of fixed parameters trained offline in [21] is 

employed for the comparison. According to its regulated 

waveform in Fig. 17, the grid frequency is controlled within 

49.90Hz and 50.10Hz by the hierarchical adaptive control 

strategy. The mean square error of frequency fluctuation in Fig. 

17 is 0.0017, which is still much larger than that of the proposed 

framework. 

 
Fig. 12.  Frequency waveforms of changing EV participation ratios. 

 

 
Fig. 13.  The frequency variations with various vehicle aggregation time. 
 

 
Fig. 14.  The dispatch command comparisons facing the PV fluctuation. 

 

 
Fig. 15.  The evolution track of decoder-dispatch framework. 
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E. GPU and CPU Deployments 

Deploying the developed framework on a 2080Ti GPU, the 

sequential command generation for the 24h of 17 June takes 

only 55min02s. For each dispatch command, the average 

computation time is 3.78ms. The dispatching efficiency when 

applying to PV measurement data on other days is shown in 

Table III. The corresponding calculation time by Intel(R) 

Core(TM) i7-7500U CPU is also attached. 

Regardless of external disturbances, the computation time 

remains stable as seen in Table III for both GPU and CPU. The 

GPU averagely takes 3.79ms to generate each dispatch 

command, while the average calculation time with Intel(R) 

Core(TM) i7-7500U CPU is 10.55ms. 

F. Robustness Test 

Besides the existing validation on June 17, the selected 

parameters of the LSTM-DNN framework are further tested on 

the PV datasets of June 18-June 24. The dispatch performance 

and comparison with DNN are shown in Fig. 18-24. 

From Fig. 18-24, it can be seen that the designed parameters 

are robust facing the various fluctuations from renewable 

energy. On these seven-day datasets, the proposed 

decoder-dispatch framework achieves the competent 

waveforms regardless of the external uncertainties. To 

quantitatively investigate the improvement brought by the 

developed framework, the mean square errors and the 

 
Fig. 16.  The dispatch compatibility with the existing approach. 

 

 
Fig. 17.  The frequency regulated by the method in [21]. 

 

 
Fig. 18.  The dispatch performance on June 18 dataset.. 

 

 
Fig. 19.  The dispatch performance on June 19 dataset.. 

 

 
Fig. 20.  The dispatch performance on June 20 dataset.. 

 

 
Fig. 21.  The dispatch performance on June 21 dataset.. 

 

TABLE III AVERAGE CALCULATION TIME OF EACH DISPATCH COMMAND ON 

DIFFERENT DAYS 

June 18 19 20 21 22 23 24 

CPU 

(ms) 
10.52 10.87 10.30 10.33 10.55 10.70 10.55 

GPU 

(ms) 
3.78 3.80 3.83 3.77 3.75 3.79 3.84 

 
 

 
Fig. 22.  The dispatch performance on June 22 dataset.. 
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maximum frequency deviations are listed in Table IV and Table 

V, respectively. According to Table IV, the mean square error 

varies between 1.49e-7 and 3.28e-7 for the decoder-dispatch 

framework of LSTM-DNN array, while the variation range is 

[8.83e-7, 2.59e-4] for DNN dispatch. The maximum error of 

DNN dispatch is 2.59e-4 on June 23, which is 790 times the 

error of LSTM-DNN on the same day. From Table V, it can be 

seen that the maximum frequency deviation regulated by the 

LSTM-DNN framework is only 0.0843Hz, but the maximum 

deviation is 0.2194Hz with only DNN dispatch. Not only can 

the robustness of the proposed framework be seen from these 

tests, but the effectiveness of LSTM decoder is also 

demonstrated. 

V. CONCLUSIONS 

To address the time-varying and stochastic nature of 

renewable energy and electric-vehicle aggregation, an online 

rolling decoder-dispatch framework has been proposed for the 

frequency management of electrical-grid-electric-vehicle 

systems. Through decoding the time-sequential cues with 

long-short-term memory (LSTM) array, the turbulence 

discipline is mapped into a high-dimension tensor, which feeds 

the multiple input interface of deep neural network (DNN) 

array. Offline training is avoided by online gradient adjustment 

implemented on the graphics processing unit (GPU). 

Numerical studies demonstrate improved regulation 

performance when the decoder-dispatch method faces internal 

and external system variations. The continuous evolution and 

the compatibility with the existing system are also presented, as 

well as the implementation performance on GPU and CPU. 

According to the demonstration example of deep learning, the 

further investigation in decoder array, dispatch array, 

decoder-dispatch interface, evolutionary algorithm, and online 

memory update could be implemented to establish a real 

intelligent frequency management system. 

APPENDIX A 

The time-varying coefficients in (10) are 
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APPENDIX B 

The forget gate partially erases the unnecessary message in 

the cell via Hadamard product 
,

, ( )p q

p q f in f f W x b        (B1) 

, , 1,

f

p q p q p q C f C         (B2) 

 
Fig. 23.  The dispatch performance on June 23 dataset.. 

 

 
Fig. 24.  The dispatch performance on June 24 dataset.. 

 

TABLE IV 

MEAN SQUARE ERRORS ON DIFFERENT DATASETS 

June DNN dispatch 
Decoder-dispatch framework 

with LSTM-DNN array (Hz) 

June 18 7.41e-6 1.77e-7 

June 19 7.86e-6 1.83e-7 

June 20 9.98e-7 2.29e-7 

June 21 8.83e-7 1.46e-7 

June 22 7.26e-6 2.47e-7 

June 23 2.59e-4 3.28e-7 

June 24 7.97e-6 1.49e-7 

 

TABLE V 

MAXIMUM FREQUENCY DEVIATIONS ON DIFFERENT DATASETS 

June DNN dispatch (Hz) 
Decoder-dispatch framework 

with LSTM-DNN array (Hz) 

June 18 0.0520 0.0057 

June 19 0.1037 0.0097 

June 20 0.0135 0.0078 

June 21 0.0113 0.0037 

June 22 0.1078 0.0062 

June 23 0.2194 0.0843 

June 24 0.0427 0.0046 
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where fp,q is the forget gate output of qth LSTM layer at t=p, 

,

f

p qC  is the transmitting memory. 

The update gate selects the useful cue ,

u

p qC  for the update of 

cell memory 
, tanh( )p q

temp c in c C W x b       (B3) 

, ( )p q u in u u W x b        (B4) 

,

, ,

u p q

p q p q temp C u C         (B5) 

where 
,p q

tempC  presents all the new input details and 

tanh( ) ( ) / ( )x x x xx e e e e     is the activation function. 

APPENDIX C 

The loss contribution of pth node in the jth layer is 

 

/j j

p pLoss z            (C1) 

 

Substituting the dispatch command to (C1), the node 

donation of the last layer is determined with the chain rule 

 

( / ) ( / )r r r r

p p p pLoss o o z          (C2) 

 

For the node not in the last layer, its loss relation between the 

pth node in jth layer and the qth node in (j+1)th layer is 
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With (C2)-(C3), the relationship between each node and the 

system loss is established. The weight gradient is formed as 
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Similarly, the gradient of bias 
j

pb  is 

 

j
p
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According to the backpropagation algorithm above, the 

current gradient of the loss function is obtained with θ as the set 

of network parameters 

 

( )cg Loss           (C6) 
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