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Abstract—With the increasing penetration of Electric 
Vehicles (EVs), distribution grids face challenges in 
accommodating charging demand within limited infrastructure 
capacity. Efficient control strategies are required to maximize 
energy delivery to EV fleets while ensuring grid safety. 
However, these strategies are hindered by uncertainties in EV 
information, heterogeneous charger types, and non-negligible 
transformer thermal stress. To address these challenges, this 
study proposes a Safe Deep Reinforcement Learning (SDRL)-
based charging management framework that considers 
unknown EV information and transformer thermal loading. 
The approach is evaluated under different charger types and 
ambient temperatures, and multiple categories of SDRL 
algorithms are compared. Results demonstrate that 
Constrained Optimization (CO)-based algorithms achieve the 
best overall performance, delivering more than 90% of total 
demand, reducing constraint violations by up to 90% 
compared to uncontrolled charging, and performing 31.7%–
62.5% closer to the theoretical optimum than other SDRL 
categories. 

Keywords—Safe Deep Reinforcement Learning, Electric 
Vehicle, Transformer, Thermal 

I. INTRODUCTION  

In recent years, the Electric Vehicle (EV) has been taking 
an increasing share in the transportation sector [1]. This 
brings unneglectable challenges to the distribution grid. 
While contrasted with the rapid growth of charging demand, 
the upgrading of the grid infrastructure is relatively more 
time-consuming [2]. For distribution grid operators, the key 
challenge is accommodating EV charging within limited grid 
capacity—such as power transformer capacity—while 
maximizing energy delivery and ensuring grid safety. 

One critical aspect of EV charging management lies in 
addressing the uncertainty associated with future charging 
sessions. To address the problem above, many researchers 
have proposed Safe Deep Reinforcement Learning (SDRL)- 
based methods, owing to SDRL’s inherent capability to 
handle stochastic and uncertain environments while ensuring 
safety. In the formulation of SDRL, the control objective is 
treated as a reward, and the constraints are interpreted as 
costs. The safety is ensured by limiting the cost to a certain 
tolerance [3].  There are also some applications of SDRL in 
EV charging management. In [4], researchers adopted a 
Lagrangian-based SDRL to ensure the microgrid's battery 
capacity during EV charging. In [5], researcher adopted 
Constrained Policy Optimization (CPO) to ensure the EV 
battery charging capacity. In [6], researchers adopted 
Lagrangian-based SDRL to ensure the grid voltage constraint 
and line loading constraints. In [7], researchers adopted 
Lagrangian-based SDRL to ensure EV battery constraints 
during the charging. 

However, the studies mentioned above still present 
several limitations that need to be addressed. First, the 
uncertainty in the departure time and energy demand of 
connecting EVs is often neglected. Most existing studies 
assume that EV users provide accurate information about 
their departure and energy requirements upon connection, 
which is unrealistic in practice [8]. Second, the thermal 
characteristics of critical grid infrastructure, such as 
transformer temperature rise due to increased loading, are not 
fully considered. However, temperature is a key indicator of 
safe and reliable operation. Moreover, the impact of EV 
charging on the distribution grid naturally depends on the 
type of charging station (e.g., AC Level 2 chargers and DC 
fast chargers). However, this aspect has not been 
comprehensively investigated. Therefore, to address the 
research gaps outlined above, we proposed an SDRL-based 
EV charging management scheme that considers transformer 
thermal loading. The objective is to maximize the total 
energy delivered to the EV fleet while ensuring grid safety 
by preventing both power and thermal overload of the 
transformer. The main contributions are summarized below: 

• We proposed an SDRL-based EV charging 
management framework that accounts for unavailable 
EV charging information (i.e., unknown departure 
time and charging demand) and transformer thermal 
stress. The proposed method was tested under 
different ambient temperature scenarios. 

• We investigated the proposed methods with different 
charger types to evaluate the effectiveness of the 
SDRL-based management strategy. 

• We analyzed the performance of different categories 
of on-policy SDRL algorithms, and their performance 
was benchmarked with the theoretical optimum. 

The paper is organized as following. In section II, we 
present our problem formulation. In section III, we introduce 
different categories of SDRL algorithms. In section IV, we 
present and analyze the results and the conclusion is draw in 
section V. 

II. PROBLEM FORMULATION 

A. Case Study & Modeling 

We consider the charging station is connected to the grid 
with a transformer, as Fig. 1 shows. As mentioned above, the 
control objective is to maximize energy delivery to EV while 
minimize the grid impact by EV charging. The charging 
station contains N chargers and control time resolution is 

tΔ . The control horizon T  is with daily basis. 
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Fig. 1 Case Study & Control Objective 

The EV charging model can be formulated as (1), where 

,n tp  is the charging power of the port n  at time t , np  is the 

maximum charging power of the port, /arr dep
nT  are arrival and 

departure time of the EV, ,n tΩ  is a binary variable that 

denote the occupancy of the port, ,n tEΔ  is the total delivered 

energy until time t  and nE  is the demand of the EV. In the 

reality, dep
nT  and nE  are not available for the controller. 
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In this work, the transformer thermal model is defined by 
IEC standard [9]. The transformer thermal model depends 

on the nominal loading tr
tp  which is normalized by 

transformer apparent capacity trP , and is characterized with 

oil temperature o
tθ  which is calculated with (3) and hotspot 

temperature h
tθ  which is calculated by (4), where 

11 21 22 0, , , , , , , , ,or hr
wx y r κ κ κ τ τ θ θΔ Δ⎡ ⎤⎣ ⎦  are the transformer 

parameters, tδ  is the calculation time resolution (1 minute 

resolution), while 1h
tθΔ and 2h

tθΔ are two auxiliary variables 

and are not observable (measurable) by the controller. By the 
definition of [9], the safety requirement for the transformer is 
summarized with (5). 
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Therefore, the control problem can be summarized as (6), 
which maximizing the energy delivery while ensure the safe 
operation. 

 
,

,max ,  . . (1) ~ (5)n t
n t

sE tΔ∑  (6) 

B. Constrained Markov Decision Process Formulation 

In order to address the unavailable EV information and 
the transformer safety requirement (5), we model the above 
problem by Partially Observable Constrained Markov 
Decision Process (PO-CMDP). In PO-CMDP, the agent 
takes action based on observations to  rather than states ts , 

and the constraints violation are modeled as cost tc . The 
formulation is shown as followings: 

States: The states is defined as (7), which contains all 
variables of system dynamics. 

 
( ),

2

,

1

,, , , , | ,

, , , , ,

dep
n t n t n t n n n

h h
t t

N

t
a o h
t t t

E p E T
s

t

∈
⎡ ⎤Ω Δ
⎢ ⎥=
⎢ ⎥Δ Δ⎣ ⎦θ θ θθ θ

 (7) 

Observations: The observations is defined as (8), which 
contains only observable variables from EV and transformer. 

 ( ), , ,, , | , , , ,a o h
t n t n t n t n N t t to E p tθ θ θ∈⎡ ⎤= Ω Δ⎣ ⎦  (8) 

Actions: The action is defined as (9), which are charging 
power at each port. 

 ,[ | ]t n t n Na p ∈=  (9) 

Rewards: The reward is defined as (10), as the objective 
is to maximize the energy delivery to the EV fleet. 
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Costs: The cost is defined as (11), which denotes the 
constraint violation of transformer operation in (5). 
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State Transitions: The state transitions are governed by 
the EV charging and transformer thermal model (1) ~ (4). 

III. ON POLICY SAFE DEEP REINFORCEMENT LEARNING 

The generic formulation of on-policy SDRL is (12). The 
idea is maximize the reward advantage RAπ   (against 

previous policy) meanwhile ensures the cost tolerance d , 
meanwhile the distance between new and previous policy is 
governed by KL divergence KLD  and δ is KL Divergence 
tolerance. Generally speaking, there are three major 
categories to achieve safety in on-policy SDRL [10]. The 
detailed explanation is in the followings. 
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A. Constrained Optimization Methods (CO) 

The idea of constrained optimization methods (CO) is, 
through Taylor Expansion, (12) is approximated into convex 
form. And in each iteration, by solving approximated convex 
optimization problem of (12), the policy is updated. Typical 
algorithms including Constrained Policy Optimization (CPO) 
[11] and Projection-based Constrained Policy Optimization 
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(PCPO) [12].  For example, the CPO update the policy 
parameter ϑ  with (13), where g is the gradient of the 
reward advantage function, a  is the gradient of the cost 
advantage function, ( ): C

kb J dπ= −  which is cost violation 

and H is the Hessian matrix of KL divergence.  
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B. Lagrangian-based Methods (Lag) 

The idea of Lagrangian-based (Lag) methods is, through 
primal-dual decomposition, the cost constraints of (12) is 
adaptively aggregated by a Lagrangian multiplier, and the 
aggregated loss is used to update policy through DRL 
algorithms. After the policy updating, the Lagrangian 
multiplier is updated according to the resulted constraints 
violations. Typical algorithms include Lagrangian-based 
PPO (PPOLag) and Lagrangian-based Policy Gradient (PDO) 
[3]. For example, the PPOLag first calculate the aggregated 
advantage by (14) and update policy with 

k
Aπ  through PPO. 

Then update the Lagrangian multiplier kλ  by (15), when the 

constraint violation is greater than tolerance, i.e. 0b > , the 
λ increase and consequently, 

k
Aπ  is reduced. 

 
k k k

CR
kA A Aπ π πλ= −  (14) 

 [ ]1k k bλ λ η+ +
= +  (15) 

C. Penalty Function Methods (PenF) 

The idea of penalty function (PenF) methods is, using a 
barrier function such as log function, the cost ( )CJ π  is 

aggregated with ( )RJ π  and then the policy is updated with 

the aggregated loss function. Typical algorithms include 
Interior Point Policy Optimization (IPO) [13] and Penalized 
Proximal Policy Optimization (P3O) [14]. For example, the 
IPO adopts (16) to update the policy, where PPOL  is the clip 
loss function by PPO and ( )I  is the barrier function 

( ( )I b → −∞  when 0b >  and ( ) 0I b =  when 0b ≤ ). 

 ( ) ( ) ( )IPO PPOL L I bϑ ϑ= +  (16) 

IV. RESULTS ANALYSIS 

A. Experiment Configuration 

In this work, we consider two cases of charging stations: 
case 1 is AC level 2 charger with np  22 kW and case 2 is 

DC fast charger with np   50 kW. The charging station is 

connected with the grid by a transformer with trP  120 MVA, 
as we want to analysis charging management under limit grid 
infrastructure capacity. The parameter of the transformer is 
shown in Table I. According to [9], oθ  is 105 °C and hθ  is 
120 °C. The ambient temperature are from [15] and the EV 
charging records are from [16].  On average, there are around 
120 EV charging records on each day. We compared 
different value of cost tolerance d , as it controls the size of 
feasible action space. All agents are trained with historical 
data from Jan. ~ Jun. 2019, with in total 3,000 training 

epochs and each epochs contains 1,000 timesteps. The 
training and testing processes are run on our own PC. The 
configuration of our CPU is 13th Gen Intel(R) Core(TM) i7-
13700H 2.40 GHz with 32 GB RAM. 

Table I TRANSFORMER PARAMETERS 

Parameter x  y  
11k  21k  22k  

Value 0.8 1.6 1.0 1.0 2.0 

Parameter oτ  wτ  orθΔ  hrθΔ  r  

Value 180 min 4 min 55 K 23 K 5 

From the transformer thermal model (3) and (4), 
obviously, the ambient temperature a

tθ  has impact on the o
tθ  

and h
tθ . Therefore, to evaluate the effectiveness of the 

proposed strategy, the SDRL agents are tested under three 
scenarios  with different ambient temperature: scenario “Hot” 
with entire Aug. 2019, scenario “Med” with entire Oct. 2019 
and scenario “Cold” with entire Dec.2019. 

B. Metrics 

In order to compare the SDRL agents performance, we 
consider a theoretical optimum as the reference and an 
immediate charging that the EV is charged with np  during 
connection. The theoretical optimum is obtained with the 
assumption that dep

nT  and nE  are available, and the 
transformer thermal model is piecewise linearized such as 
[17]. 

The agents’ performance is evaluated by the distance to 
the results of theoretical optimum, as (17) shows, where ar  

and ac  is the total reward and cost of each testing day by the 

SDRL agent, optr  and optc  is the total reward and cost of 

each testing day of the optimum. Obviously, smaller l  
indicates closer to the optimum and thus the corresponding 
agent is better. 
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C. Numerical Results 

The daily average energy delivery results of each 
scenario are shown Fig. 2 ~ Fig. 4. From the results, the CO-
based SDRL can efficiently charge the EV fleet under each 
scenario, by delivering more than 90% energy with an AC 
level 2 charger, and around 80%~90% energy with a DC fast 
charger in every scenario. With the increase in the cost limit, 
the energy delivery increases as the feasible action space 
increases. Compared to the two types of chargers, the SDRL 
agents generally deliver more energy with the AC level 2 
charger, indicating that the SDRL-based EV charging 
management strategy is more effective for the AC level 2 
charger. 
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Fig. 2 Average Energy Delivery on Hot Temperature Scenario 

 
Fig. 3 Average Energy Delivery on Medium Temperature Scenario 

 
Fig. 4 Average Energy Delivery on Cold Temperature Scenario 

To illustrate the capability to ensure safety, we present 
the hotspot temperatures resulting from SDRL-based 
management (PCPO) and immediate charging across the 
testing horizon in three scenarios in Fig. 5 and Fig. 6. From 
the results, the SDRL-based management can reduce hotspot 
temperature violations. Compared with immediate charging, 
the SDRL (PCPO)-based strategy can reduce constraint 
violations by 90.5%-96.6%. 

 

Fig. 5 Hotspot Temperature with AC Level 2 Chargers 

 
Fig. 6 Hotspot Temperature with DC Fast Chargers 

The daily distribution of l  for each algorithm throughout 
the testing horizon of each scenario are shown in Fig. 7 ~ 
Fig. 9, where (a) shows the results of AC Level 2 Charger 
and (b) shows the results of DC Fast Chargers. In every 
scenario, comparing both charging station configurations, the 
SDRL agents generally perform better with AC level 2 
chargers. This is because the action space of the AC level 2 
charger case is smaller (0~22 kW compared with 0~50 kW). 
Therefore, the agent can better explore the action space. 
Among the three categories of SDRL agents, CO-based 
agents perform the best over the other two kinds of SDRL. 
As cost tolerance increases, CO-based agents perform better. 

This is due to an increase in the feasible action space, so that 
the agent can find a better policy.  

 

Fig. 7 Agent Performance Distribution Under Hot Scenario 

 

Fig. 8 Agent Performance Distribution Under Med Scenario 

 

Fig. 9 Agent Performance Distribution Under Cold Scenario 

In Table II, we present the average l  to optimum (the 
smaller l  indicates the better performance), the l  value is 
averaged along the different cost tolerance d . Compared 
with three categories of on-policy SDRL algorithms, CO-
based SDRL (PCPO, CPO) achieve approximately 
55.0%~62.5% closer to the optimum compared with the Lag- 
and PenF-based SDRL in the AC level 2 charger case, and 
achieves 31.7%~41.2% closer to the optimum in the DC fast 
charger case. Especially among the CO-based SDRL, the 
PCPO performs better than CPO by 9.5%–36.4% across all 
scenarios and station charger types. This is mainly because 
the PCPO adopts a “correction” step during policy update to 
ensure safety [12], unlike the CPO, and therefore performs 
better.  

Table II AVERAGE DISTANCE TO OPTIMUM 

 Station 
CO Lag PenF 

PCPO CPO PPOLag PDO IPO P3O 

Hot 
Level 2 0.07 0.11 0.17 0.31 0.16 0.24 

DC 
Fast 0.19 0.22 0.29 0.31 0.36 0.33 

Med 
Level 2 0.07 0.11 0.18 0.30 0.16 0.24 

DC 
Fast 

0.19 0.21 0.30 0.36 0.36 0.32 

Cold 
Level 2 0.07 0.10 0.19 0.20 0.17 0.23 

DC 
Fast 0.16 0.18 0.25 0.32 0.25 0.27 
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To evaluate the impact of measurement noise, we 
simulate the measurement noise from 3% to 10% and show 
its impact on reward and costs of PCPO agent in Fig. 10. 
From the results, the measurement noise has more evident 
impact on the cost (constraint violation) For the AC charger, 
the measurement noise can bring at most 6% more violations 
and for the DC charger, the measurement noise can bring at 
most 10% more violations. 

 
Fig. 10 Measurement Noise Impact 

V. CONCLUSTION 

In this paper, we presented an SDRL-based EV charging 
management system that considers unknown EV information 
and transformer thermal stress. To evaluate the strategy's 
robustness, we tested scenarios with different ambient 
temperatures. The two types of chargers, AC Level 2 
chargers and DC fast chargers, are also investigated. From 
the results, the CO-based SDRL EV charging management 
strategy is the most effective under each scenario and for 
both types of chargers. Compared with other categories of 
SDRL algorithms, CO-based algorithms perform 
31.7%~62.5% better (closer to the optimum). What’s more, 
the results show that the proposed strategy is more effective 
with the AC level 2 charger than DC fast chargers, as the 
action space is smaller and agents can explore more 
effectively. The significance of this work is that it provides 
an insight into the effectiveness of SDRL-based charging 
management based on available EV information, under 
different charger types and ambient temperatures. The 
limitation is that, as the SDRL ensures safety by setting 
constraints violations within a tolerance range, there are still 
constraints violations in the final results. Therefore, in future 
research, the methods of eliminating such violations, for 
example, with the help of physics knowledge, will be 
interesting and worthy to investigation. 
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