
Contents lists available at ScienceDirect

Transportation Research Part D

journal homepage: www.elsevier.com/locate/trd

Integrated hierarchical framework for electric vehicle charging 

infrastructure management

Zi-Xuan Zhou a, Jiawei Feng a,b, Haowen Lei c, Wenjun Mei a, 
Yasuo Asakurad, Kai Liu e,∗

a College of Engineering, Peking University, Beijing, China
b Sustainability X-Lab, The University of Hong Kong, Hong Kong, China
cDivision of Emerging Interdisciplinary Areas (EMIA), Academy of Interdisciplinary Studies, The Hong Kong University of Science and Technology, 
Hong Kong, China
dDepartment of Civil Engineering, The University of Tokyo, Tokyo, Japan
e School of Economics and Management, Dalian University of Technology, Dalian, China

a r t i c l e  i n f o

Keywords:
Charging scheduling
Parking management
Multi-layer optimization
Resource allocation
Reinforcement learning

 a b s t r a c t

This work presents a hierarchical optimization framework for electric vehicle (EV) charging in-
frastructure management that integrates spatial layout design, resource allocation, and real-time 
scheduling. Building upon prior studies that address these problems individually, our frame-
work introduces vertical integration and horizontal coordination to more comprehensively an-
alyze their critical interdependencies. The spatial layer employs integer linear programming with 
Voronoi-based decomposition, achieving spatial efficiency ratios up to 1.87. The resource al-
location layer implements adaptive algorithm selection, dynamically choosing between mixed-
integer programming, particle swarm optimization, and rolling horizon heuristics according to 
problem scale. The scheduling layer utilizes Soft Actor-Critic reinforcement learning with multi-
dimensional reward functions for real-time decision-making. Experimental validation on a 2,102-
space commercial parking lot demonstrates substantial improvements: 23.7% reduction in vehicle 
movements, 48.6% reduction in waiting time, and 14.2% reduction in electricity costs. The frame-
work maintains robust performance under operational disruptions, providing a scalable solution 
for sustainable EV charging infrastructure management.

1.  Introduction

The accelerating global transition to electric mobility (Zhao et al., 2024; Zhou et al., 2024), driven by stringent carbon emission 
reduction targets (Foda and Mohamed, 2026; Wu et al., 2025) and supportive international policies (Mahyari and Freeman, 2025), 
presents unprecedented challenges for urban transportation infrastructure (Powell et al., 2022), particularly in ensuring adequate 
power supply systems and charging networks to support the expanding and diversified fleet of electric vehicles (Hiermann et al., 2016). 
Despite recent advances in battery technology, persistent limitations in capacity and charging efficiency (Meyer et al., 2025) continue 
to fuel range anxiety (Ghamami et al., 2020), while inefficient and inadequate charging infrastructure has emerged as the most critical 
bottleneck impeding this transformation. Comparing with conventional refueling systems that evolved over decades (Davis et al., 
2018), EV charging infrastructure remains in early stages of development, facing complex operational challenges including extended 
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\begin {equation}V^{\pi ^*}\left (s_t\right )=\max _{a_t}\left \{R\left (s_t, a_t\right )+\gamma \mathbb {E}_{s_{t+1} \sim P\left (s_{t+1} | s_t, a_t\right )}\left [V^{\pi ^*}\left (s_{t+1}\right )\right ]\right \} \label {Xeqn1-1}\end {equation}
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$\mathcal {M} = (S, \mathcal {A}, P, R, \gamma )$


$D \in \mathbb {Z}^+$


$\lambda (t):\mathbb {R}^+ \mapsto \mathbb {R}^+$


$\mu _v \sim \mathcal {F}_\mu $


$v$


$\mathbf {L} = (L,W) \in \mathbb {R}^2$


$\mathbf {C} = C_s, C_z, C_p$


$\eta \in (0,1]$


$\mathbf {p} = p_t | t \in \mathcal {T}$


$\mathbf {a} = (\alpha _1, \alpha _2, \ldots , \alpha _n)$


$\mathcal {V} = v_1, v_2, \ldots , v_n$


$\mathcal {STA} = sta_1, sta_2, \ldots , sta_m$


$\mathcal {T} = 0, \Delta t, 2\Delta t, \ldots , T$


$\mathcal {Z} = A, B, C$


$\Delta $


$\mathbf {X} = x_{v,s,t} \in \{0,1\} | v \in \mathcal {V}, s \in \mathcal {S}, t \in \mathcal {T}$


$\mathbf {Y} = y_{v,z} \in \{0,1\} | v \in \mathcal {V}, z \in \mathcal {Z}$


$\mathbf {PO} = PO_{v,t} \in [0, PO_{\max }] | v \in \mathcal {V}, t \in \mathcal {T}$


$\mathbf {E} = E_{v,t} \in [0, E_{\max }] | v \in \mathcal {V}, t \in \mathcal {T}$


$\mathbf {M} = m_{v,t} \in \{0,1\} | v \in \mathcal {V}, t \in \mathcal {T}$


$\mathcal {H} = \{L_1, L_2, L_3\}$


$f_{i,j}: L_i \to L_j$


$g_{i,j}: L_i \to L_j$


$G = (Vertex, Edge)$


\begin {equation}\begin {array}{rcl} {Y}^* &=& \arg \min _{{Y}} F_1({Y}|\Theta ) \\ {X}^* &=& \arg \min _{{X}} F_2({X}|\Theta , {Y}^*) \\ {P}^*, {M}^* &=& \arg \min _{{P}, {M}} F_3({P}, {M} | \Theta , {Y}^*, {X}^*) \end {array} \label {Xeqn2-2}\end {equation}


$F_1, F_2, F_3$


\begin {equation}\min _{A_z\in \mathcal {Z}}\left |\sum _{z\in \mathcal {Z}}A_z-(L\cdot W-A_{roadway})\right |_2+ \varrho \sum _{z\in \mathcal {Z}}\left |A_z-A_z^{target}\right |_2\label {Xeqn3-3}\end {equation}


$A_z$


$A_z^{target}$


$\varrho $


$\phi _{\text {avail }}=\sum _{z \in \mathcal {Z}} \varphi _z \frac {C_z}{D_z}$


$C_z$


$D_z$


$n=|\mathcal {V}| \times | \mathcal {STA}|\times | \mathcal {T}|$


$\leq 50$


$>$


$(n \leq n_1)$


$\mathcal {O}(2^n)$


$(n_1 < n \leq n_2)$


$\mathcal {O}(G \cdot P \cdot n)$


$(n > n_2)$


$\mathcal {O}(H \cdot n_{sub})$


\begin {equation*}Q(s,a)=R(s,a)+\gamma \mathbb {E}_{s^{\prime }\sim P(\cdot |s,a)}\left [\max _{a^{\prime }}Q(s^{\prime },a^{\prime })\right ]\end {equation*}


$Q(s,a)$
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$R(s,a)$
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$\mathbb {E}_{s' \sim P(\cdot | s, a)}$


$s'$


$P(\cdot | s, a)$


$\max _{a'} Q(s',a')$
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$\Phi : \mathcal {S}_i \rightarrow \mathcal {S}_{i+1}$


$\Psi : \mathcal {A}_{i+1} \rightarrow \mathcal {A}_i$


$Slayout$


$\operatorname {dim}($


$)=2^{L \times W /(l \times w)}$


$\forall v\in \mathcal {V},\forall z,z^{\prime }\in \mathcal {Z}:U_v(z)\geq U_v(z^{\prime })\mathrm {~at~}Y_{v,z}=1$


$v$


$z$


$z'$


$v$


$z$


$Y_{v,z} = 1$


$v$


$z$


$z'$


$\forall v \in V$


$V$


$\forall z, z' \in Z$


$Z$


$U_v(z) \geq U_v(z')$


$v$


$z$


$z'$


$Y_{v,z} = 1$


$v$


$z$


$Y_{v,z} = 1$


\begin {equation}\begin {aligned} &\min _{Y,\mathbf {B}}\sum _{v\in \mathcal {V}}\sum _{z\in \mathcal {Z}}c_{v,z}\cdot y_{v,z}+\beta \sum _{z\in \mathcal {Z}}\sum _{z^{\prime }\in \mathcal {Z}:z^{\prime }\neq z}\|\mathbf {b}_z-\mathbf {b}_{z^{\prime }}\|_2\\ &\text { Subject to: }\\ &\begin {array}{cc} \sum _{z \in \mathcal {Z}} y_{v, z} & =1, \quad \forall v \in \mathcal {V} \\ \sum _{v, \mathcal {V}} y_{v, z} & \leq C_z, \quad \forall z \in \mathcal {Z} \\ \text { Area }(z)=f\left (\mathbf {b}_z\right ) & \leq Area_{\text {max }}^z, \quad \forall z \in \mathcal {Z} \\ \text { perimeter }(z)=g\left (\mathbf {b}_z\right ) & \leq Perimeter_{\text {max }}^z, \quad \forall z \in \mathcal {Z} \\ \text { connectivity }(z)=h\left (\mathbf {b}_z\right ) & =1, \quad \forall z \in \mathcal {Z} \\ y_{v, z} & \leq M \cdot \mathbb {I}\left (S o C_v \in \left [S o C_{\text {min }}^z, S o C_{\text {max }}^z\right ]\right ), \quad \forall v \in \mathcal {V}, \forall z \in \mathcal {Z} \end {array} \end {aligned} \label {eq:re4}\end {equation}


\begin {equation*}\begin {aligned} {\left [S o C_{\text {min }}^A, S o C_{m a x}^A\right ] } & =[0.85,0.95] \\ {\left [S o C_{\text {min }}^B, S o C_{m a x}^B\right ] } & =[0.55,0.75] \\ {\left [S o C_{\text {min }}^C, S o C_{m a x}^C\right ] } & =[0.30,0.50] \end {aligned}\end {equation*}


$SP$


${sp}_1, {sp}_2,\ldots ,sp_{|\mathcal {Z}|}$


$z$


\begin {equation}V_z=\{x\in \mathbb {R}^2\mid \|x-sp_z\|_2\leq \|x-sp_{z^{\prime }}\|_2,\forall z^{\prime }\neq z\} \label {eq:re5}\end {equation}


$G=\{g_{i,j}|1\leq i\leq N_x,1\leq j\leq N_y\}$


$N_x = L / \Delta x$


$N_y = W / \Delta y$


\begin {equation}P(g_{i,j}\in z)=\frac {\exp (-\|{x}_{i,j}-{sp}_z\|_2/\tau )}{\sum _{z^{\prime }\in {Z}}\exp (-\|{x}_{i,j}-{sp}_{z^{\prime }}\|_2/\tau )} \label {Xeqn6-6}\end {equation}


\begin {equation}\min _{\mathbf {locs} \in \mathcal {STA}} \sum _{z \in \mathcal {Z}} \left | \frac {|STA_z|}{|STA|} - \frac {C_z}{D} \right | + \lambda _{cs} \sum _{sta \in \mathcal {STA}} \sum _{sta' \in \mathcal {STA}, sta' \neq sta} \psi (\|\mathbf {locs} - \mathbf {locs}'\|_2) \label {Xeqn7-7}\end {equation}


$\left |\mathcal {S}_{\text {resource }}\right |=(|\mathcal {S}|+1)^{|V| \times |T|}$


$BG=\left ({VertexSet}_1 \cup {VertexSet}_2, Edges\right )$


${VertexSet}_1 = V \times T$


${VertexSet}_2 = S \times T$


$n \leq n_1$


$n_1$


$(n \leq n_1)$


\begin {align}\min _{X, P} \sum _{v \in V} \sum _{t \in T} \sum _{sta \in STA} (\alpha _1 \cdot p_{v,t} \cdot PO_{v,t} \cdot x_{v,sta,t} \cdot \Delta t + \alpha _2 \cdot c_{v,sta,t} \cdot x_{v,sta,t})\end {align}
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$x_{v,s,t} \in \{0,1\}$


$v$
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\begin {equation}\sum _{s \in \mathcal {S}} x_{v,sta,t} \leq 1, \quad \forall v \in \mathcal {V}, \forall t \in \mathcal {T} \label {eq:constraint1}\end {equation}


\begin {equation}\sum _{v \in \mathcal {V}} x_{v,sta,t} \leq 1, \quad \forall s \in \mathcal {S}, \forall t \in \mathcal {T} \label {eq:station_capacity}\end {equation}


\begin {equation}\sum _{v \in \mathcal {V}} \sum _{s \in \mathcal {S}} PO_{v,t} \cdot x_{v,sta,t} \leq PO_{gmax}, \quad \forall t \in \mathcal {T} \label {eq:grid_power}\end {equation}


$PO_{gmax}$


\begin {equation}PO_{v,t} \leq PO_{\max } \cdot \sum _{sta \in \mathcal {STA}} x_{v,sta,t}, \quad \forall v \in \mathcal {V}, \forall t \in \mathcal {T} \label {eq:power_upper}\end {equation}


\begin {equation}PO_{v,t} \geq PO_{\min } \cdot \sum _{sta \in \mathcal {STA}} x_{v,sta,t}, \quad \forall v \in \mathcal {V}, \forall t \in \mathcal {T} \label {eq:power_lower}\end {equation}


$P_{\max }$


$P_{\min }$


\begin {equation}E_{v,t} = E_{v,t-1} + \eta \cdot PO_{v,t} \cdot \Delta t - E_{v,t}^{\text {self}}, \quad \forall v \in \mathcal {V}, \forall t \in \mathcal {T} \label {eq:battery_dynamics}\end {equation}


$E_{v,t}$


$v$


$t$


$\eta \in (0,1]$


$E_{v,t}^{\text {self}}$


\begin {equation}E_{v,t} \leq E_{\max }, \quad \forall v \in \mathcal {V}, \forall t \in \mathcal {T} \label {eq:battery_capacity}\end {equation}


\begin {equation}E_{v,T_v^{\text {dep}}} \geq E_v^{\text {req}}, \quad \forall v \in \mathcal {V} \label {eq:user_requirement}\end {equation}


$T_v^{\text {dep}}$


$v$


$E_v^{\text {req}}$


\begin {equation}\sum _{sta \in \mathcal {STA}_z} x_{v,s,t} \leq M \cdot y_{v,z}, \quad \forall v \in \mathcal {V}, \forall z \in \mathcal {Z}, \forall t \in \mathcal {T} \label {eq:constraint8}\end {equation}


$\mathcal {STA}_z \subseteq \mathcal {STA}$


$z$


$y_{v,z} \in \{0,1\}$


$v$


$z$


$M$


$n_1 < n \leq n_2$


\begin {align}&V_i^{(k+1)}=\omega V_i^{(k)}+c_1r_1(\mathbf {pbest}_i-\mathbf {X}_i^{(k)})+c_2r_2(\mathbf {gbest}-\mathbf {X}_i^{(k)}) \\ &\mathbf {X}_i^{(k+1)}=\mathbf {X}_i^{(k)}+V_i^{(k+1)}\end {align}


$\omega $


$pbest$


$i$


$gbest$


$c_1, c_2 \in \mathbb {R}_+$


$r_1, r_2$


$x_{v,s,t} \in \{0,1\}$


$v$


$s$


$t$


\begin {equation}P(x_{v,s,t} = 1) = \frac {1}{1 + \exp (-\tau \cdot x_{v,s,t}^{(i)})} \label {eq:sigmoid_transform}\end {equation}


$x_{v,s,t}^{(i)}$


$i$


$\tau > 0$


\begin {equation}x_{v,s,t} = \begin {cases} 1, & \text {if } U(0,1) < P(x_{v,s,t} = 1) \\ 0, & \text {otherwise} \end {cases} \label {eq:discrete_assignment}\end {equation}


$n > n_2$


$\mathcal {T}$


$H$


$t$


$[t, t+H]$


$\mathcal {T}_t^H = \{t, t+1, \ldots , \min (t+H-1, T)\}$


$t$


\begin {equation}\min _{X_t, PO_t} \sum _{v \in \mathcal {V}_t} \sum _{\tau = t}^{t+H} \sum _{sta \in \mathcal {STA}_{v,\tau }} (PO_{v,\tau }) \cdot x_{v,sta,\tau } \label {eq:rhh_objective}\end {equation}


$\mathcal {V}_t$


$t$


$\mathcal {STA}_{v,\tau }^c \subseteq \mathcal {STA}$


$v$


$\tau $


\begin {equation}\mathcal {STA}_{v,\tau }^c = \{sta \in \mathcal {STA} : d_{v,sta} \leq d_{\max } \text { and } \text {availability}(sta,\tau ) = 1\} \label {eq:candidate_stations}\end {equation}


$J^*$


$J_{RHH}$


\begin {equation}\rho _{RHH} = \frac {J_{RHH}}{J^*} \leq 1 + \frac {\gamma }{1-\gamma } \cdot \frac {\max _{v,sta,t} c_{v,sta,t}}{\min _{v,sta,t} c_{v,sta,t}} \label {eq:rhh_bound}\end {equation}


$\gamma \in (0,1)$


$H$


\begin {equation}\min _{X,PO}\alpha _1\cdot \sum _{v\in \mathcal {V}}\sum _{sta\in \mathcal {STA}}\sum _{t\in \mathcal {T}}p_t\cdot PO_{v,sta}\cdot x_{v,sta,t}\cdot \Delta t +\alpha _2\cdot |\max _{sta\in \mathcal {STA}}PO_s^{grid}-\min _{s\in \mathcal {S}}PO_s^{grid}| +\alpha _3\cdot \sum _{t\in \mathcal {T}}(PO_t^{grid}-\bar {PO})^2 \label {Xeqn22-25}\end {equation}


\begin {align}L(\mathbf {X},\mathbf {PO},\lambda ) = \sum _{v\in V}\sum _{t\in T}\sum _{sta\in STA}c_{v,sta,t}(PO_{v,t})\cdot x_{v,sta,t} + \sum _{t\in T}\lambda _t\left (\sum _{v\in V}\sum _{sta\in STA}PO_{v,t}\cdot x_{v,sta,t} - PO_g\right )\end {align}


$\max _{\lambda \geq 0}\min _{\mathbf {X},\mathbf {P}}L(\mathbf {X},\mathbf {P},\lambda )$


$\%$


$\%$


\begin {equation}\mathcal {MDP}_{schedule} = (S_{schedule}, A_{schedule}, P_{schedule}, R_{schedule}, \mathcal {\gamma }) \label {Xeqn23-27}\end {equation}


\begin {equation}S_{schedule} = s_t = (v_t, cs_t, env_t) \mid t \in \mathcal {T} \label {Xeqn24-28}\end {equation}


$\mathbf {v}_t$


$\mathbf {cs}_t$


$\mathbf {env}_t$


\begin {equation}A_{schedule} = a_t = (P_t, X_t, M_t) \mid t \in \mathcal {T} \label {Xeqn25-29}\end {equation}


$\mathbf {PO}_t$


$\mathbf {X}_t$


$\mathbf {M}_t$


\begin {equation}P_{schedule}(s_{t+1} \mid s_t,a_t) = P_{veh}(v_{t+1} \mid v_t,a_t) \cdot P_{cs}(cs_{t+1} \mid cs_t,a_t) \cdot P_{env}(env_{t+1} \mid env_t,a_t) \label {Xeqn26-30}\end {equation}


$P(\mathbf {s}_{t+1} | \mathbf {s}_t, \mathbf {a}_t)$


$P_v(\mathbf {v}_{t+1} | \mathbf {v}_t, \mathbf {a}_t)$


$P_{cs}(\mathbf {cs}_{t+1} | \mathbf {cs}_t, \mathbf {a}_t)$


$P_{env}(\mathbf {env}_{t+1} | \mathbf {env}_t)$


\begin {equation}E_{v,t+1} = E_{v,t} + \eta \cdot P_{v,t} \cdot \Delta t - E_{v,t}^{self} + \delta _{arrival}(v,t) \cdot E_{v}^{init} - \delta _{departure}(v,t) \cdot E_{v,t} \label {Xeqn27-31}\end {equation}


\begin {equation}R_{schedule}(s_t,a_t,s_{t+1}) = \sum w_i \cdot R_i(s_t,a_t,s_{t+1}) \label {Xeqn28-32}\end {equation}


$R_1 = -\sum _{v \in \mathcal {V}} p_t \cdot P_{v,t} \cdot \Delta t$


$R_2=\sum _{v\in \mathcal {V}}f(E_{v,t},E_{v,t}^{req},T_{v}^{dep})$


$R_3=-\sum _{v\in \mathcal {V}}[c_{fix}\cdot \mathbb {I}(m_{v,t}=1)+c_{var}\cdot d_{v,t}]$


$R_4 = \phi \left ( \frac {\sum _{v \in \mathcal {V}} \sum s \in \mathcal {S}_{v,s,t}}{|S|} \right )$


$R_5 = -\text {var}(P_{i,t} \mid v \in \mathcal {V}_t)$


\begin {equation*}\pi ^*=\arg \max _\pi \mathbb {E}_{\pi \sim \tau }\left [\sum _{t=0}^\infty \gamma ^t(R_{schedule}(s_t,a_t,s_{t+1})+\alpha \mathcal {H}(\pi (\cdot |s_t)))\right ]\end {equation*}


$\rightarrow $


$\rightarrow $


\begin {align}\text {Layout} \rightarrow \text {Allocation}: \quad &\Phi _{1,2}(Y, B) = (\mathcal {V}_z, \mathcal {STA}_z, \text {Area}_z), \quad z \in \mathcal {Z} \\ \text {Allocation} \rightarrow \text {Scheduling}: \quad &\Phi _{2,3} = \{X_{v,sta,t} \mid v \in \mathcal {V}, sta \in \mathcal {STA}, t \in \mathcal {T}\}\end {align}


$\rightarrow $


$\rightarrow $


\begin {align}\text {Scheduling} \rightarrow \text {Allocation}: \quad &\Psi _{3,2}(PO, M) = \{u_{v,sta,t}, {VI}_{sta,t}, \rho _{sta,t}\} \\ \text {Allocation} \rightarrow \text {Layout}: \quad &\Psi _{2,1}(X^*) = \{{CI}_z, {UR}_z, {RR}_z\}\end {align}


$u_{v,sta,t}$


${VI}_{sta,t}$


$\rho _{sta,t}$


${CI}_z$


${UR}_z$


${RR}_z$


$X$


$PO$


\begin {align}X^{k+1} &= \arg \min _{X} \mathcal {L}_\rho (X, PO^k, \lambda ^k) \\ PO^{k+1} &= \arg \min _{PO} \mathcal {L}_\rho (X^{k+1}, PO^k, \lambda ^k) \\ \lambda ^{k+1} &= \lambda ^k + \rho (A \cdot X^{k+1} + B \cdot PO^{k+1} - c)\end {align}


\begin {align}\tau _{\text {SLM}} &= \kappa _{1,2} \cdot \tau _{\text {RAM}} = \kappa _{1,3} \cdot \tau _{\text {SM}} \\ \tau _{\text {RAM}} &= \kappa _{2,3} \cdot \tau _{\text {SM}}\end {align}


$\tau _{\text {SLM}}$


$\tau _{\text {RAM}}$


$\tau _{\text {SM}}$


$\kappa _{i,j}$


$\arg \min F_1(Y, B)$


$\Phi _{1,2}(Y, B)$


$\arg \min F_2(X | \Phi _{1,2})$


$\Phi _{2,3}(X^*)$


$\arg \min F_3(P, M | \Phi _{2,3})$


$\Psi _{2,3}(P, M)$


${CI}_z > {CI}_{{threshold}}$


${VI}_{sta,t} > {VI}_{{max}}$


$\Psi _{2,1}(X^*)$


${UR}_z < {UR}_{\min }$


${CI}_{threshold}$


${VI}_{\max }$


${UR}_{\min }$


$\mathcal {P}^{(k)}$


$k$


\begin {equation}\|\mathcal {P}^{(k+1)} - \mathcal {P}^{(k)}\| \leq \epsilon _{perf} \label {Xeqn29-42}\end {equation}


$\epsilon _{perf}$


\begin {equation}\frac {\tau _{\text {SM}}}{\tau _{\text {RAM}}} < \delta _1 \quad \text {and} \quad \frac {\tau _{\text {RAM}}}{\tau _{\text {SLM}}} < \delta _2 \label {Xeqn30-43}\end {equation}


$\delta _1$


$\delta _2$


\begin {equation*}\| \mathbf {z}^k-\mathbf {z}^* \|_2 \leq (1-\rho )^k \| \mathbf {z}-\mathbf {z}^* \|_2\end {equation*}


$\mathbf {z}$


$\rho \in (0,1)$


$\kappa _i = \lambda _{\max }(\nabla ^2 F_i) / \lambda _{\min }(\nabla ^2 F_i)$


${F(\mathbf {z}^*)}/{F(\mathbf {z}_{OPT})} \leq 1+\varepsilon $


$\varepsilon $


\begin {equation}T_{total} = T_{SLM} + T_{RAM} + T_{SM} + T_{interaction} \label {Xeqn31-44}\end {equation}


\begin {equation*}T_{SLM}=O(2^{|\mathcal {Z}| \cdot N_x \cdot N_y}) \text { (reduced to polynomial time with heuristics)}\end {equation*}


\begin {equation*}T_{RAM} \text { varies by algorithm choice}\end {equation*}


\begin {equation*}T_{SM} = O(|\mathcal {V}| \cdot |\mathcal {S}| \cdot |\mathcal {T}| \cdot N_{iter})\end {equation*}


\begin {equation*}T_{interaction} = O(|\mathcal {V}| \cdot |\mathcal {Z}| \cdot |\mathcal {S}| \cdot |\mathcal {T}|)\end {equation*}


$\|\mathbf {sp}_z^{(k+1)} - \mathbf {sp}_z^{(k)}\| < \varepsilon $


$\varepsilon $


$n = |\mathcal {V}| \times |\mathcal {STA}| \times |\mathcal {T}|$


$n < 50$


${X}^*$


${P}^*$


$50 \leq n < 1000$


$N_p$


${v}_i = w \cdot {v}_i + c_1 \cdot r_1 \cdot ({pbest}_i - {x}_i) + c_2 \cdot r_2 \cdot ({gbest} - {x}_i)$


$w$


$c_1$


$c_2$


$r_1, r_2$


${x}_i = {x}_i + {v}_i$


$w = w_{\max } - (w_{\max } - w_{\min }) \cdot (\text {iter}/\rm {max\_iter})$


$n \geq 1000$


$t$


$\mathcal {T}_H = [t, \min (t+H-1, T)]$


$\mathcal {V}_t = \{v \in \mathcal {V} : t_{\text {arrival}}^v \leq t \leq t_{\text {departure}}^v\}$
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Fig. 1. Comparison of traditional and Multi-Lay1er EV charging management systems.

charging durations (Zhang et al., 2021), limited grid capacity (Iacobucci et al., 2019), and heterogeneous user behaviors (Bae et al., 
2024). This infrastructure challenge demands fundamental reconceptualization of how charging resources are spatially distributed 
(Xu and Meng, 2020), dynamically planning (Sun et al., 2020), and operationally scheduled (He et al., 2020; Zhou et al., 2025).

Regarding the planning of charging stations, past research has done extensive work on site selection (Kinay et al., 2021), route 
planning (Ghamami et al., 2020), and heterogeneous fleet schedule (Park and Lee, 2024), yet as parking facilities evolve to incorporate 
charging capabilities, the allocation and management of integrated parking-charging resources has emerged as increasingly critical. 
Fig. 1 illustrates how traditional EV parking facilities (left panel) exhibit random resource distribution, creating congestion points and 
underutilized stations without prioritization (Babar and Burtch, 2024), comparing with facility with charging management system. 
Current EV charging management systems predominantly employ first-come-first-served (FCFS) strategies that fail to leverage the 
inherent flexibility in charging operations (Xie et al., 2018). These simplistic approaches result in inefficiencies in some scenrios: 
vehicles with minimal charging needs occupy high-power stations while urgent cases heterogeneity among fleets (Wang and Zhao, 
2023), spatial layouts ignore charging demand patterns (He et al., 2022), and resource allocation remains static despite dynamic 
electricity prices and grid constraints (Yang et al., 2024; Broadbent et al., 2022). While Yang et al. (2021) demonstrated that real-
time charging prices based on regional grid load can effectively reduce peak-valley differences by 14.5% and lower users costs 
by 33.9%, their approach focuses primarily on temporal scheduling without considering spatical constraints or resource allocation 
challenges. These inefficiencies not only impede EV adoption but also strain electrical grids and increase operational costs for both 
providers and users.

These challenges mentioned above in EV charging management stems from the interconnected nature of three critical decision 
domains: spatial layout design (Stephan et al., 2021; Nourinejad et al., 2018), charging resource allocation (Davatgari et al., 2024), and 
real-time scheduling (Yan et al., 2024). Spatial decisions determine the physical configuration of charging stations within facilities, 
establishing constraints that persist for years. Resource allocation decisions assign vehicles to charging stations over medium-term 
horizons, balancing demand with available capacity. Real-time scheduling decisions control power delivery and vehicle movements, 
responding to immediate operational conditions. Traditional approaches treat these domains independently (Yang et al., 2021), 
ignoring crucial interdependencies-inappropriate spatial layouts constrain resource allocation flexibility, while suboptimal resource 
allocation limits scheduling effectiveness.

Existing literature has made notable progress in individual aspects of charging management (An, 2020). Spatial optimization re-
search has focused on station location problems using geographic information systems and accessibility metrics (Tran et al., 2021). 
Resource allocation studies have employed various optimization techniques including mixed-integer programming and metaheuris-
tics to assign vehicles to stations (Dolgui et al., 2025; Jordán et al., 2022; Tang et al., 2019). Real-time scheduling research has 
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increasingly adopted reinforcement learning approaches to manage charging operations dynamically (Jin and Xu, 2021; Chen et al., 
2025). However, these isolated approaches fail to capture the hierarchical dependencies and feedback loops between decision layers. 
Consequently, the resulting solutions are often incompatible with complex scenarios and fall short of achieving global optimization 
across multi-dimensional metrics.

The integration challenge is particularly acute in commercial parking facilities where EVs must share limited space with conven-
tional vehicles while satisfying diverse charging requirements. Unlike dedicated charging stations, parking facilities face additional 
constraints including vehicle relocation logistics, multi-story layouts, and varying dwell times (Hu et al., 2025a). The complexity 
intensifies when considering operational uncertainties-equipment failures, demand fluctuations, and price volatility require adap-
tive responses across all decision layers. Current single-layer optimization methods cannot adequately address these multifaceted 
challenges, necessitating an integrated approach.

The core innovation of this research lies in the introduction of a hierarchical three-layer optimization framework, which which 
builds upon prior efforts to systematically integrates the three interdependent decision-making dimensions in EV charging manage-
ment: spatial layout, resource allocation, and real-time scheduling. Previous research has largely addressed these critical domains in 
isolation, leading to a significant performance gap. Our work contributes to narrowing this gap by introducing novel mechanisms for 
both vertical integration (to achieve inter-layer coordination) and horizontal coordination (to optimize intra-layer decisions). This 
holistic approach enables us to explicitly model and exploit the complex interdependencies ignored by siloed methods. Furthermore, 
we establish a solid theoretical foundation for this integrated approach, providing convergence guarantees, stability analysis, and 
performance bounds-a level of analytical rigor absent in prior fragmented solutions.

This unified framework represents a further exploration into enhancing the practical management of EV charging infrastructure. 
By pursuing near-optimal solutions while maintaining computational tractability, our work offers potential for the development 
of smarter, more efficient, and more profitable charging facilities. Specifically, validation experiments in a large-scale commercial 
facility with 2102 spaces suggest that the framework can lead to significant and quantifiable improvements in operational efficiency, 
user satisfaction, and economic performance. Another key feature is its adaptive computation engine, which dynamically selects the 
optimal algorithm based on problem scale, a design intended to allow the framework to scale effectively from small private parking 
lots to large commercial complexes.

The remainder of this paper is organized as follows. Section 2 reviews related literature and identifies research gaps. Section 3 
presents the three-layer optimization framework with detailed mathematical formulations. Section 4 develops the solution methodol-
ogy including advanced algorithmic implementations. Section 5 reports numerical experiments and performance evaluation. Section 6 
discusses implications and limitations. Section 7 concludes with future research directions.

2.  Literature review

Electric vehicle charging management has evolved from basic timer controls to sophisticated optimization frameworks balancing 
multiple objectives (Cao et al., 2018). As EV adoption accelerated, research shifted toward efficiency optimization, particularly 
minimizing costs, maximizing infrastructure utilization, and mitigating grid impacts.

2.1.  Charging management

Recent charging management approaches demonstrate diverse innovations. Integration with user behavior proves particularly 
effective, Habib et al. (2025) achieved 20% peak demand reduction combining station planning with parking behavior, while Xu 
et al. (2018) reduced grid loads through strategic timing based on urban mobility patterns. Stochastic traffic conditions significantly 
affect electric bus operations; Hu et al. (2025b) developed a dispatching interval optimization model that simultaneously considers 
stochastic travel speed, uncertain passenger demand, and battery discharge fluctuations, revealing that the impact of stochasticity 
is more significant on passenger travel quality than on company operations. Nolz et al. (2022) addressed charging management at 
resource-constrained charging infrastructure by formulating it as a cumulative scheduling problem and solving it with constraint 
programming, integrating the charging schedule optimization within a template-based ALNS framework. Tang et al. (2025) found 
appropriate reservation ratios in mixed traffic systems reduce travel costs and congestion, though integration with spatial optimization 
remains unexplored.

2.2.  Scheduling and control

Advanced scheduling shows significant potential. Jin and Xu (2021) established nodal multi-target characterization reducing 
action space dimensionality from 𝑂(𝑁𝑙𝑜𝑔(𝑛)) to 𝑂(𝑁). Chung and Kwon (2015) extended flow-refueling location models to multi-
period planning, highlighting computational challenges. Boyacłl et al. (2015) showed hierarchical decomposition achieves near-
optimal solutions with computational savings.

In distributed computing, Ju et al. (2022) proposed ALADIN methods for hybrid microgrids, while Basso et al. (2021) achieved 
prediction errors below 6% using Bayesian machine learning. Our spatial optimization builds upon (Nourinejad et al., 2018)’s AV 
parking layout work, incorporating charging infrastructure constraints.
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2.3.  Optimization techniques and algorithms

Researchers have employed various optimization techniques for charging infrastructure. Mahyari and Freeman (2025) pro-
posed approximate dynamic programming strategy for managing electric vehicle fleet charging at stations equipped with diverse 
multi-connector chargers, which can dynamically adapt to changing system conditions by learning from previous decisions and obser-
vations while handling uncertainties in vehicle arrival times, charging requirements, and dispatch schedules. Davatgari et al. (2024) 
develops a comprehensive Mixed-Integer Linear Programming model that simultaneously optimizes multiple critical decision dimen-
sions of electric vehicle charging infrastructure. Through this comprehensive modeling approach, decision-makers can identify the 
optimal infrastructure configuration solution under given service level requirements. Tailored heuristic algorithms enhanced for spe-
cific scenarios have also been widely adopted (Zaidi et al., 2024; Qiu et al., 2026). Jordán et al. (2022) combined genetic algorithms 
with agent-based simulation, though without addressing multi-layered resource allocation.

For integrated systems, Dolgui et al. (2025) identify significant gaps between theoretical scheduling research and practical charging 
applications, particularly in capacitated and preemptive charging scenarios. Najafi et al. (2025), Amirteimoori et al. (2025) developed 
MILP models incorporating photovoltaic systems and battery storage, aligning with renewable integration work. Zhou et al. (2022b) 
highlighted that battery degradation costs can exceed daily charging costs, emphasizing optimization importance. Liu et al. (2024), 
Ma et al. (2025) demonstrated 37.35% cost reduction and 41.46% carbon emission reduction through data-driven optimization with 
solar integration. These algorithms all perform exceptionally well in specific resource optimization scenarios. However, the spatio-
temporal dynamics of real-world parking facilities, and the corresponding trade-off between algorithmic efficiency and accuracy, 
remain a significant challenge.

2.4.  Research gaps and our contribution

Critical gaps persist in existing approaches. First, integration deficiency-systems treat spatial, resource, and scheduling as separate 
problems. Unterluggauer et al. (2022) noted ’few papers embrace the combined problem to its full extent.’ Second, limited scalability-
algorithms target specific scales without flexibility. Third, single-objective focus-approaches optimize individual metrics rather than 
multiple objectives. Fourth, static optimization dominates, as Zhou et al. (2022a) noted, while dynamic adaptation remains rare. 
Fifth, theoretical-practical gaps persist with few real-world implementations.

Drawing on the scheduling mechanisms from Nejad et al. (2017), our framework further integrates spatial layout optimization. 
Our SAC-based module shares similarities with Chen et al. (2025)’s AL-SAC algorithm but extends it to hierarchical multi-layer 
coordination. The proposed three-layer optimization framework addresses these challenges through integrated optimization capturing 
interactions between spatial considerations, resource allocation, and scheduling dynamics, providing the first comprehensive solution 
to multi-dimensional EV charging management challenges (Table 1).

3.  Three-Layer optimization framework for EV charging management

3.1.  Problem definition and theoretical foundation

As shown in Fig. 2, this work introduces an innovative three-layer optimization framework addressing the multidimensional 
challenges in electric vehicle (EV) parking lot charging management. Traditional systems often treat spatial layout, resource allocation, 
and scheduling as isolated problems, resulting in suboptimal performance. Our approach leverages Hierarchical Decision Theory to 
achieve coordinated optimization through a structured yet interconnected strategy.

Fundamentally, our framework builds upon Bellman’s Optimality Principle: if a policy 𝜋∗ is optimal, then any sub-policy starting 
from state 𝑠𝑖 following 𝜋∗ is also optimal. The optimal value starting from state 𝑠𝑡 can be formulated as:

𝑉 𝜋∗(𝑠𝑡
)

= max
𝑎𝑡

{

𝑅
(

𝑠𝑡, 𝑎𝑡
)

+ 𝛾𝔼𝑠𝑡+1∼𝑃
(

𝑠𝑡+1|𝑠𝑡 ,𝑎𝑡
)

[

𝑉 𝜋∗(𝑠𝑡+1
)

]}

(1)

In reinforcement learning notation for EV charging optimization, 𝜋∗ represents the optimal policy (decision-making strategy) that 
maximizes expected rewards, not an exponent of 𝑉 . The system state 𝑠 includes vehicle battery levels and charging station status, 
while actions a involve assignments of vehicles to stations and power allocation decisions. 𝑅(𝑠𝑡, 𝑎𝑡) denotes the multi-dimensional 
reward for taking action 𝑎𝑡 in state 𝑠𝑡, balancing efficiency, movements, occupancy, waiting time, and costs. The discount factor 𝛾
determines how future rewards are valued compared to immediate ones. The expectation operator 𝔼 accounts for the probabilistic 
nature of the system with uncertain vehicle arrivals and departures. These elements form the mathematical foundation for the Soft 
Actor-Critic approach used in the top scheduling layer of the framework.

We model the EV charging environment as a system Ω with capacity 𝐾, where vehicle arrivals follow a non-uniform Poisson 
process with time-varying arrival rate 𝜆(𝑡). From a queuing perspective, the system follows a 𝐺∕𝐺∕𝐶∕𝐾 model, where 𝐺 represents 
general (non-exponential) distributions for both arrival and service times, 𝐶 represents charging stations and 𝐾 represents maximum 
capacity. The complete system dynamics are captured by a Markov Decision Process (MDP) framework  = (𝑆,, 𝑃 , 𝑅, 𝛾).
Key notation includes:

Parameter Set :
• 𝐷 ∈ ℤ+ - Design demand (total EVs to be served)
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Fig. 2. Hierarchical approach of electric vehicle charging management with integrated information flows.

• 𝜆(𝑡) ∶ ℝ+ ↦ ℝ+ - Time-varying vehicle arrival rate function
• 𝜇𝑣 ∼ 𝜇 - Parking time distribution for vehicle 𝑣
• 𝐋 = (𝐿,𝑊 ) ∈ ℝ2 - Parking lot physical dimensions
• 𝐂 = 𝐶𝑠, 𝐶𝑧, 𝐶𝑝 - Capacity parameters (stations, zones, power)
• 𝜂 ∈ (0, 1] - Charging efficiency coefficient
• 𝐩 = 𝑝𝑡|𝑡 ∈   - Time-varying electricity price vector
• 𝐚 = (𝛼1, 𝛼2,… , 𝛼𝑛) - Multi-objective weights
•  = 𝑣1, 𝑣2,… , 𝑣𝑛 - Electric vehicle set
•   = 𝑠𝑡𝑎1, 𝑠𝑡𝑎2,… , 𝑠𝑡𝑎𝑚 - Charging station set
•  = 0,Δ𝑡, 2Δ𝑡,… , 𝑇  - Discretized time periods
•  = 𝐴,𝐵, 𝐶 - Functional zone set

Decision Variables Δ:

• 𝐗 = 𝑥𝑣,𝑠,𝑡 ∈ {0, 1}|𝑣 ∈  , 𝑠 ∈  , 𝑡 ∈   - Charging station assignment
• 𝐘 = 𝑦𝑣,𝑧 ∈ {0, 1}|𝑣 ∈  , 𝑧 ∈  - Zone assignment
• 𝐏𝐎 = 𝑃𝑂𝑣,𝑡 ∈ [0, 𝑃𝑂max]|𝑣 ∈  , 𝑡 ∈   - Charging power allocation
• 𝐄 = 𝐸𝑣,𝑡 ∈ [0, 𝐸max]|𝑣 ∈  , 𝑡 ∈   - Battery energy state
• 𝐌 = 𝑚𝑣,𝑡 ∈ {0, 1}|𝑣 ∈  , 𝑡 ∈   - Vehicle movement operations

Fig. 3 illustrates a 120m × 180m electric vehicle parking lot with 2102 spaces organized into four functional zones (high priority 
Zone No.1, medium priority Zone No.2, low priority Zone No.3, and general parking Zone No.4) optimized for charging resource al-
location based on vehicle battery state-of-charge, with detailed representations of vehicles and charging infrastructure demonstrating 
the spatial distribution strategy.

3.2.  Multi-layer architecture and system integration

Our proposed framework systematically decomposes the intricate charging management system into a three-tiered intercorrelated 
architecture, where each layer operates over distinct time scales and decision horizons. This structural design is fundamentally 
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Fig. 3. Geometric layout of zoned EV parking lot based on three-Layer optimization framework.

rooted in multi-scale system theory, explicitly leveraging both a ‘breadth-first’ approach (layer-internal parallelization) and a ’depth-
first’ approach (layer-sequential optimization) to problem-solving. Formally, the system is structured as a three-layer hierarchy, 
 = {𝐿1, 𝐿2, 𝐿3}. Inter-layer communication and interaction are realized through mapping functions 𝑓𝑖,𝑗 ∶ 𝐿𝑖 → 𝐿𝑗 and feedback 
functions 𝑔𝑖,𝑗 ∶ 𝐿𝑖 → 𝐿𝑗 . Consequently, the entire architecture can be modeled as a Directed Acyclic Graph (DAG) 𝐺 = (𝑉 𝑒𝑟𝑡𝑒𝑥, 𝐸𝑑𝑔𝑒), 
where vertices represent the layers and edges denote the directional information flows that guide the subsequent optimization process.

The overall management task is executed via a recursive equation system:
𝑌 ∗ = argmin𝑌 𝐹1(𝑌 |Θ)
𝑋∗ = argmin𝑋 𝐹2(𝑋|Θ, 𝑌 ∗)

𝑃 ∗,𝑀∗ = argmin𝑃 ,𝑀 𝐹3(𝑃 ,𝑀|Θ, 𝑌 ∗, 𝑋∗)
(2)

Here 𝐹1, 𝐹2, 𝐹3 denote the objective functions for the respective layers.
Compared to traditional random charging resource distribution, our framework implements:

1. State-of-Charge Based Zoning Strategy (SBZS)
2. Dynamic Resource Allocation Mechanism (DRAM)

The parking lot is divided into three functional zones by solving:

min
𝐴𝑧∈

|

|

|

|

|

|

∑

𝑧∈
𝐴𝑧 − (𝐿 ⋅𝑊 − 𝐴𝑟𝑜𝑎𝑑𝑤𝑎𝑦)

|

|

|

|

|

|2

+ 𝜚
∑

𝑧∈

|

|

𝐴𝑧 − 𝐴𝑡𝑎𝑟𝑔𝑒𝑡𝑧
|

|2 (3)

where 𝐴𝑧 is zone area and 𝐴𝑡𝑎𝑟𝑔𝑒𝑡𝑧  is the target area based on capacity requirements, parameter 𝜚 balances these competing between 
these two objectives. First term: Ensures zones fill the available space; Second term: Tries to match target zone sizes;

The three primary system modules are:
1. Spatial Layout Module (SLM). Manages long-term planning decisions (days-months), optimizing parking configuration and 

charging station distribution.
SLM maximizes the availability index: 𝜙avail =

∑

𝑧∈ 𝜑𝑧
𝐶𝑧
𝐷𝑧

 where 𝐶𝑧 is zone capacity and 𝐷𝑧 is predicted demand.
2. Resource Allocation Module (RAM). For our middle layer resource allocation module, we implement an adaptive algorithm 

selection strategy. While genetic algorithms have shown promise for certain charging infrastructure optimization problems (Zhou 
et al., 2022a)), our approach dynamically selects between MIP, PSO, and RHH based on problem scale to achieve optimal balance 
between solution quality and computational efficiency. Handles medium-term decisions (hours), implementing algorithm complexity 
adaptation strategy (ACAS) based on problem size 𝑛 = || × | | × | |. The vehicle scale thresholds were empirically determined 
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by conducting preliminary experiments across the full range. Analysis of computational time growth rates and solution quality metrics 
revealed natural breakpoints where algorithm behavior transitioned significantly, leading to the identification of three operational 
regimes: small scale (≤ 50), medium scale (50 - 1000), and large scale (>1000).

• Small problems (𝑛 ≤ 𝑛1): Mixed Integer Programming (MIP), (2𝑛)
• Medium problems (𝑛1 < 𝑛 ≤ 𝑛2): Particle Swarm Optimization (PSO), (𝐺 ⋅ 𝑃 ⋅ 𝑛)
• Large problems (𝑛 > 𝑛2): Rolling Horizon Heuristic (RHH), (𝐻 ⋅ 𝑛𝑠𝑢𝑏)

3. Scheduling Module (SM). Manages real-time decisions (minutes), using Soft Actor-Critic Reinforcement Learning method to 
iteratively solve:

𝑄(𝑠, 𝑎) = 𝑅(𝑠, 𝑎) + 𝛾𝔼𝑠′∼𝑃 (⋅|𝑠,𝑎)
[

max
𝑎′

𝑄(𝑠′, 𝑎′)
]

In the reinforcement learning equations for EV charging optimization, 𝑄(𝑠, 𝑎) represents the state-action value function that calcu-
lates expected cumulative rewards when taking action 𝑎 in state 𝑠, with superscript 𝑠 potentially indicating specific environmental 
conditions. 𝑅(𝑠, 𝑎) denotes the immediate reward obtained from this state-action pair. The discount factor 𝛾 (between 0 and 1) bal-
ances immediate versus future rewards. 𝔼𝑠′∼𝑃 (⋅|𝑠,𝑎) is the expectation operator over the next state 𝑠′, sampled according to transition 
probability 𝑃 (⋅|𝑠, 𝑎). Finally, max𝑎′ 𝑄(𝑠′, 𝑎′) represents the maximum Q-value obtained by selecting the optimal action 𝑎′ in the next 
state 𝑠′. These elements collectively form the mathematical foundation for the decision-making process in the scheduling module of 
the three-layer optimization framework.

Our framework achieves both vertical integration (between layers) and horizontal coordination (within layers). Vertical integration 
uses state mapping function Φ ∶ 𝑖 → 𝑖+1 and decision mapping function Ψ ∶ 𝑖+1 → 𝑖, while horizontal coordination ensures 
consistent decision variables through synchronized optimization.

3.3.  Spatial layout optimization

The SLM optimizes the physical structure of the parking lot using Zonal Integer Programming Method (ZIPM). The layout problem 
is formulated as a combinatorial optimization with state space 𝑆𝑙𝑎𝑦𝑜𝑢𝑡 having dimension dim( Slayout ) = 2𝐿×𝑊 ∕(𝑙×𝑤).

To make this tractable, we employ zone division based on the Compactness Principle and evaluate allocation stability using Nash 
Equilibrium concepts. An allocation is stable when: ∀𝑣 ∈  ,∀𝑧, 𝑧′ ∈  ∶ 𝑈𝑣(𝑧) ≥ 𝑈𝑣(𝑧′) at 𝑌𝑣,𝑧 = 1.

For all vehicles 𝑣 and all zones 𝑧 and 𝑧′, when vehicle 𝑣 is assigned to zone 𝑧 (i.e., 𝑌𝑣,𝑧 = 1), the utility of vehicle 𝑣 in zone 𝑧 must 
be greater than or equal to its utility in any other zone 𝑧′.

Components explanation:

• ∀𝑣 ∈ 𝑉 : For each vehicle in the set of vehicles 𝑉
• ∀𝑧, 𝑧′ ∈ 𝑍: For any zones in the set of zones 𝑍
• 𝑈𝑣(𝑧) ≥ 𝑈𝑣(𝑧′): The utility of vehicle 𝑣 in zone 𝑧 is not less than its utility in zone 𝑧′
• when 𝑌𝑣,𝑧 = 1: The condition applies when vehicle 𝑣 is assigned to zone 𝑧 (decision variable 𝑌𝑣,𝑧 = 1)

The zone boundary optimization problem is formulated as:
min
𝑌 ,𝐁

∑

𝑣∈

∑

𝑧∈
𝑐𝑣,𝑧 ⋅ 𝑦𝑣,𝑧 + 𝛽

∑

𝑧∈

∑

𝑧′∈∶𝑧′≠𝑧
‖𝐛𝑧 − 𝐛𝑧′‖2

 Subject to: 
∑

𝑧∈ 𝑦𝑣,𝑧 = 1, ∀𝑣 ∈ 
∑

𝑣, 𝑦𝑣,𝑧 ≤ 𝐶𝑧, ∀𝑧 ∈ 
 Area (𝑧) = 𝑓

(

𝐛𝑧
)

≤ 𝐴𝑟𝑒𝑎𝑧max , ∀𝑧 ∈ 
 perimeter (𝑧) = 𝑔

(

𝐛𝑧
)

≤ 𝑃𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟𝑧max , ∀𝑧 ∈ 
 connectivity (𝑧) = ℎ

(

𝐛𝑧
)

= 1, ∀𝑧 ∈ 
𝑦𝑣,𝑧 ≤𝑀 ⋅ 𝕀

(

𝑆𝑜𝐶𝑣 ∈
[

𝑆𝑜𝐶𝑧min , 𝑆𝑜𝐶𝑧max 
])

, ∀𝑣 ∈  ,∀𝑧 ∈ 

(4)

The zones are defined by battery state ranges:

[

𝑆𝑜𝐶𝐴min , 𝑆𝑜𝐶𝐴𝑚𝑎𝑥
]

= [0.85, 0.95]
[

𝑆𝑜𝐶𝐵min , 𝑆𝑜𝐶𝐵𝑚𝑎𝑥
]

= [0.55, 0.75]
[

𝑆𝑜𝐶𝐶min , 𝑆𝑜𝐶𝐶𝑚𝑎𝑥
]

= [0.30, 0.50]

We optimize zone geometry using Voronoi diagrams. Given seed points 𝑆𝑃  = 𝑠𝑝1, 𝑠𝑝2,… , 𝑠𝑝
||

, the Voronoi cell for zone 𝑧 is:
𝑉𝑧 = {𝑥 ∈ ℝ2 ∣ ‖𝑥 − 𝑠𝑝𝑧‖2 ≤ ‖𝑥 − 𝑠𝑝𝑧′‖2,∀𝑧′ ≠ 𝑧} (5)
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Fig. 4. Scale-adaptive resource allocation framework for electric vehicle charging systems.

We discretize the parking lot into a grid 𝐺 = {𝑔𝑖,𝑗 |1 ≤ 𝑖 ≤ 𝑁𝑥, 1 ≤ 𝑗 ≤ 𝑁𝑦} with 𝑁𝑥 = 𝐿∕Δ𝑥 and 𝑁𝑦 = 𝑊 ∕Δ𝑦. Assignment proba-
bility uses Softmax:

𝑃 (𝑔𝑖,𝑗 ∈ 𝑧) =
exp(−‖𝑥𝑖,𝑗 − 𝑠𝑝𝑧‖2∕𝜏)

∑

𝑧′∈𝑍 exp(−‖𝑥𝑖,𝑗 − 𝑠𝑝𝑧′‖2∕𝜏)
(6)

After determining optimal zones, we optimize charging station distribution by solving:

min
𝐥𝐨𝐜𝐬∈ 

∑

𝑧∈

|

|

|

|

|𝑆𝑇𝐴𝑧|
|𝑆𝑇𝐴|

−
𝐶𝑧
𝐷

|

|

|

|

+ 𝜆𝑐𝑠
∑

𝑠𝑡𝑎∈ 

∑

𝑠𝑡𝑎′∈ ,𝑠𝑡𝑎′≠𝑠𝑡𝑎
𝜓(‖𝐥𝐨𝐜𝐬 − 𝐥𝐨𝐜𝐬′‖2) (7)

3.4.  Adaptive resource allocation strategy

The RAM assigns charging stations to vehicles across time periods while considering grid constraints, user demands, and system 
efficiency. The resource allocation problem has state space size |

|

resource || = (|| + 1)|𝑉 |×|𝑇 |. The core problem is formulated as a Multi-
constrained Bipartite Matching Problem with bipartite graph 𝐵𝐺 =

(

𝑉 𝑒𝑟𝑡𝑒𝑥𝑆𝑒𝑡1 ∪ 𝑉 𝑒𝑟𝑡𝑒𝑥𝑆𝑒𝑡2, 𝐸𝑑𝑔𝑒𝑠
)

, where 𝑉 𝑒𝑟𝑡𝑒𝑥𝑆𝑒𝑡1 = 𝑉 × 𝑇  and 
𝑉 𝑒𝑟𝑡𝑒𝑥𝑆𝑒𝑡2 = 𝑆 × 𝑇 .

As shown in Fig. 4, algorithm selection depends on facility scale: Mixed Integer Programming for small-scale, Particle Swarm 
Optimization for medium-scale, and Rolling Horizon Heuristic for large-scale EV charging environments.

3.4.1.  Mixed integer programming (MIP) for small size case
For small-scale charging facilities with 𝑛 ≤ 𝑛1 vehicles, where 𝑛1 represents the computational tractability threshold (typically 

50 vehicles), we formulate the resource allocation problem as a MIP model. This formulation guarantees global optimality while 
maintaining computational feasibility for limited problem sizes (𝑛 ≤ 𝑛1). The objective function minimizes the total system cost 
comprising electricity consumption costs and vehicle relocation costs: 

min
𝑋,𝑃

∑

𝑣∈𝑉

∑

𝑡∈𝑇

∑

𝑠𝑡𝑎∈𝑆𝑇𝐴
(𝛼1 ⋅ 𝑝𝑣,𝑡 ⋅ 𝑃𝑂𝑣,𝑡 ⋅ 𝑥𝑣,𝑠𝑡𝑎,𝑡 ⋅ Δ𝑡 + 𝛼2 ⋅ 𝑐𝑣,𝑠𝑡𝑎,𝑡 ⋅ 𝑥𝑣,𝑠𝑡𝑎,𝑡) (8)

where  ,  , and  denote the sets of vehicles, time periods, and charging stations, respectively; 𝑥𝑣,𝑠,𝑡 ∈ {0, 1} is a binary decision 
variable indicating whether vehicle 𝑣 is assigned to charging station 𝑠 at time 𝑡; 𝑃𝑂𝑣,𝑡 ∈ ℝ+ represents the charging power allocated 
to vehicle 𝑣 at time 𝑡; 𝑝𝑡 denotes the time-varying electricity price at period 𝑡; 𝑐𝑣,𝑠,𝑡 represents the relocation cost for vehicle 𝑣 to access 
station 𝑠 at time 𝑡; 𝛼1 and 𝛼2 are weighting coefficients for electricity and relocation costs, 𝛼1 scales the importance of minimizing 
electricity consumption costs. 𝛼2 weights the operational cost associated with vehicle movements between parking spots and charging 
stations; Δ𝑡 is the discrete time interval.

The optimization is subject to the following constraints:
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Vehicle Assignment Constraints:
∑

𝑠∈
𝑥𝑣,𝑠𝑡𝑎,𝑡 ≤ 1, ∀𝑣 ∈  ,∀𝑡 ∈  (9)

Constraint Eq. (9) ensures that each vehicle can be assigned to at most one charging station at any given time period.
Charging Station Capacity Constraints:

∑

𝑣∈
𝑥𝑣,𝑠𝑡𝑎,𝑡 ≤ 1, ∀𝑠 ∈  ,∀𝑡 ∈  (10)

Constraint Eq. (10) enforces that each charging station can serve at most one vehicle simultaneously.
Grid Power Constraints:

∑

𝑣∈

∑

𝑠∈
𝑃𝑂𝑣,𝑡 ⋅ 𝑥𝑣,𝑠𝑡𝑎,𝑡 ≤ 𝑃𝑂𝑔𝑚𝑎𝑥, ∀𝑡 ∈  (11)

where 𝑃𝑂𝑔𝑚𝑎𝑥 represents the maximum power capacity available from the grid. Constraint Eq. (11) ensures that the aggregate 
power demand does not exceed grid capacity limits.

Charging Power Bounds:
𝑃𝑂𝑣,𝑡 ≤ 𝑃𝑂max ⋅

∑

𝑠𝑡𝑎∈ 
𝑥𝑣,𝑠𝑡𝑎,𝑡, ∀𝑣 ∈  ,∀𝑡 ∈  (12)

𝑃𝑂𝑣,𝑡 ≥ 𝑃𝑂min ⋅
∑

𝑠𝑡𝑎∈ 
𝑥𝑣,𝑠𝑡𝑎,𝑡, ∀𝑣 ∈  ,∀𝑡 ∈  (13)

Constraints Eq. (12) and Eq. (13) establish the operational bounds on charging power, where 𝑃max and 𝑃min denote the maximum 
and minimum allowable charging rates, respectively. These constraints ensure that charging power is within feasible limits only when 
a vehicle is connected to a station.

Battery State Evolution:
𝐸𝑣,𝑡 = 𝐸𝑣,𝑡−1 + 𝜂 ⋅ 𝑃𝑂𝑣,𝑡 ⋅ Δ𝑡 − 𝐸self𝑣,𝑡 , ∀𝑣 ∈  ,∀𝑡 ∈  (14)

where 𝐸𝑣,𝑡 represents the battery energy level of vehicle 𝑣 at time 𝑡, 𝜂 ∈ (0, 1] is the charging efficiency coefficient, and 𝐸self𝑣,𝑡  accounts 
for self-discharge losses. Battery Capacity Constraints:

𝐸𝑣,𝑡 ≤ 𝐸max, ∀𝑣 ∈  ,∀𝑡 ∈  (15)

User Satisfaction Constraints:
𝐸
𝑣,𝑇 dep𝑣

≥ 𝐸req𝑣 , ∀𝑣 ∈  (16)

where 𝑇 dep𝑣  denotes the departure time of vehicle 𝑣 and 𝐸req𝑣  represents the minimum required energy level specified by the user.
Zone Assignment Constraints:

∑

𝑠𝑡𝑎∈ 𝑧

𝑥𝑣,𝑠,𝑡 ≤𝑀 ⋅ 𝑦𝑣,𝑧, ∀𝑣 ∈  ,∀𝑧 ∈ ,∀𝑡 ∈  (17)

where  𝑧 ⊆   denotes the subset of charging stations in zone 𝑧, 𝑦𝑣,𝑧 ∈ {0, 1} indicates whether vehicle 𝑣 is assigned to 
zone 𝑧, and 𝑀 is a sufficiently large constant. This constraint ensures consistency between zone assignments and charging station 
allocations.

3.4.2.  Particle swarm optimization (PSO) for medium problems
For medium-scale charging facilities where 𝑛1 < 𝑛 ≤ 𝑛2 (typically 50–500 vehicles), we employ a PSO metaheuristic. This bio-

inspired algorithm offers an effective balance between solution quality and computational efficiency, achieving near-optimal solutions 
with polynomial time complexity. Each particle represents a potential allocation solution with position and velocity vectors updated 
by:

𝑉 (𝑘+1)
𝑖 = 𝜔𝑉 (𝑘)

𝑖 + 𝑐1𝑟1(𝐩𝐛𝐞𝐬𝐭𝑖 − 𝐗(𝑘)
𝑖 ) + 𝑐2𝑟2(𝐠𝐛𝐞𝐬𝐭 − 𝐗(𝑘)

𝑖 ) (18)

𝐗(𝑘+1)
𝑖 = 𝐗(𝑘)

𝑖 + 𝑉 (𝑘+1)
𝑖 (19)

where 𝜔 is the time-varying inertia weight controlling exploration-exploitation balance; 𝑝𝑏𝑒𝑠𝑡 represents the personal best position 
discovered by particle 𝑖 throughout its search history, and 𝑔𝑏𝑒𝑠𝑡 denotes the global best position identified across the entire swarm 
population; 𝑐1, 𝑐2 ∈ ℝ+ are cognitive and social acceleration coefficients, respectively; 𝑟1, 𝑟2 are uniformly distributed random numbers 
generated independently for each dimension at every iteration.

Since the resource allocation problem involves binary decision variables 𝑥𝑣,𝑠,𝑡 ∈ {0, 1}, we employ a sigmoid transformation to 
map continuous position values to discrete assignments. The probability of assigning vehicle 𝑣 to station 𝑠 at time 𝑡 is given by:

𝑃 (𝑥𝑣,𝑠,𝑡 = 1) = 1
1 + exp(−𝜏 ⋅ 𝑥(𝑖)𝑣,𝑠,𝑡)

(20)

Transportation Research Part D 154 (2026) 105267 

10 



Z.-X. Zhou et al.

Table 2 
Comparison of optimization algorithms for resource allocation.
 Algorithm  Computational  Solution  Vehicle  Memory  Convergence

 Complexity  Quality  Scale  Requirements  Properties
 MIP 𝑂(2𝑛)  Optimal  Small (≤50)  High  Guaranteed
 PSO 𝑂(𝑛2)  Near-optimal (95-98%)  Medium (50–500)  Medium  Probabilistic
 RHH 𝑂(𝑛 log 𝑛)  Good (90-95%)  Large (>500)  Low  Fast

where 𝑥(𝑖)𝑣,𝑠,𝑡 is the continuous position value for particle 𝑖, and 𝜏 > 0 is a temperature parameter controlling the stochasticity of 
the mapping. The discrete assignment is then determined stochastically:

𝑥𝑣,𝑠,𝑡 =

{

1, if 𝑈 (0, 1) < 𝑃 (𝑥𝑣,𝑠,𝑡 = 1)
0, otherwise

(21)

3.4.3.  Rolling horizon heuristic for large problems
For large-scale charging facilities where 𝑛 > 𝑛2 (typically exceeding 500 vehicles), the computational burden of exact or meta-

heuristic approaches becomes prohibitive for real-time applications. We therefore develop a Rolling Horizon Heuristic (RHH) that 
decomposes the temporal optimization problem into a sequence of tractable subproblems while maintaining theoretical performance 
guarantees.

The rolling horizon approach is grounded in the principle of temporal decomposition, where the full planning horizon   is parti-
tioned into overlapping windows of length 𝐻 . At each decision epoch 𝑡, the algorithm solves a restricted optimization problem over 
the horizon [𝑡, 𝑡 +𝐻], implements only the immediate decisions, and then advances to the next epoch. This methodology balances 
computational tractability with solution quality by exploiting the diminishing importance of future decisions in dynamic environ-
ments.

Let  𝐻
𝑡 = {𝑡, 𝑡 + 1,… ,min(𝑡 +𝐻 − 1, 𝑇 )} denote the planning window at time 𝑡. The RHH solves the following restricted optimiza-

tion problem at each decision epoch:

min
𝑋𝑡 ,𝑃𝑂𝑡

∑

𝑣∈𝑡

𝑡+𝐻
∑

𝜏=𝑡

∑

𝑠𝑡𝑎∈ 𝑣,𝜏

(𝑃𝑂𝑣,𝜏 ) ⋅ 𝑥𝑣,𝑠𝑡𝑎,𝜏 (22)

where 𝑡 represents the set of vehicles present at time 𝑡, and  𝑐
𝑣,𝜏 ⊆   denotes a restricted set of candidate charging stations 

for vehicle 𝑣 at time 𝜏. The candidate set is constructed based on spatial proximity and availability criteria:
 𝑐

𝑣,𝜏 = {𝑠𝑡𝑎 ∈   ∶ 𝑑𝑣,𝑠𝑡𝑎 ≤ 𝑑max and availability(𝑠𝑡𝑎, 𝜏) = 1} (23)

Despite the myopic nature of rolling horizon optimization, we establish theoretical bounds on solution quality. Let 𝐽 ∗ denote the 
optimal value of the full problem and 𝐽𝑅𝐻𝐻  the value obtained by RHH. The approximation ratio is bounded by:

𝜌𝑅𝐻𝐻 =
𝐽𝑅𝐻𝐻
𝐽 ∗ ≤ 1 +

𝛾
1 − 𝛾

⋅
max𝑣,𝑠𝑡𝑎,𝑡 𝑐𝑣,𝑠𝑡𝑎,𝑡
min𝑣,𝑠𝑡𝑎,𝑡 𝑐𝑣,𝑠𝑡𝑎,𝑡

(24)

where 𝛾 ∈ (0, 1) is the effective discount factor over the horizon length 𝐻 . To balance grid load, we incorporate Peak-Valley Difference 
Minimization Strategy:

min
𝑋,𝑃𝑂

𝛼1 ⋅
∑

𝑣∈

∑

𝑠𝑡𝑎∈ 

∑

𝑡∈
𝑝𝑡 ⋅ 𝑃𝑂𝑣,𝑠𝑡𝑎 ⋅ 𝑥𝑣,𝑠𝑡𝑎,𝑡 ⋅ Δ𝑡 + 𝛼2 ⋅ | max

𝑠𝑡𝑎∈ 
𝑃𝑂𝑔𝑟𝑖𝑑𝑠 − min

𝑠∈
𝑃𝑂𝑔𝑟𝑖𝑑𝑠 | + 𝛼3 ⋅

∑

𝑡∈
(𝑃𝑂𝑔𝑟𝑖𝑑𝑡 − ̄𝑃𝑂)2 (25)

We employ Lagrangian Relaxation for efficiency: 

𝐿(𝐗,𝐏𝐎, 𝜆) =
∑

𝑣∈𝑉

∑

𝑡∈𝑇

∑

𝑠𝑡𝑎∈𝑆𝑇𝐴
𝑐𝑣,𝑠𝑡𝑎,𝑡(𝑃𝑂𝑣,𝑡) ⋅ 𝑥𝑣,𝑠𝑡𝑎,𝑡 +

∑

𝑡∈𝑇
𝜆𝑡

(

∑

𝑣∈𝑉

∑

𝑠𝑡𝑎∈𝑆𝑇𝐴
𝑃𝑂𝑣,𝑡 ⋅ 𝑥𝑣,𝑠𝑡𝑎,𝑡 − 𝑃𝑂𝑔

)

(26)

The dual problem is: max𝜆≥0 min𝐗,𝐏 𝐿(𝐗,𝐏, 𝜆)
Table. 2 provides a comparative analysis of the three algorithms employed in the resource allocation layer of our framework. 

The algorithms exhibit distinct characteristics across five key dimensions. MIP delivers optimal solutions but is computationally 
tractable only for small-scale problems with fewer than 50 vehicles. PSO strikes a balance between solution quality and computational 
efficiency, making it suitable for medium-scale facilities handling 50–500 vehicles, with solution quality typically within 2–5% of 
the global optimum. For large-scale operations exceeding 500 vehicles, RHH provides good solutions with significantly reduced 
computational requirements, achieving approximately 90–95% of optimal performance. These results demonstrate the effectiveness 
of our adaptive algorithm selection strategy in balancing solution quality with computational tractability across varying facility scales.

3.5.  Reinforcement learning-based real-time scheduling

The SM employs Soft Actor-Critic (SAC) deep reinforcement learning to learn optimal scheduling policies. Recent work by (Chen 
et al., 2025) demonstrated that combining SAC with the augmented Lagrangian method (AL-SAC) can effectively handle constraints 
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while maintaining high solution optimality, which inspired our multi-dimensional reward function design. The scheduling MDP is 
formalized as,

𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑒 = (𝑆𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑒, 𝐴𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑒, 𝑃𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑒, 𝑅𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑒,⨏) (27)

State Space:
𝑆𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑒 = 𝑠𝑡 = (𝑣𝑡, 𝑐𝑠𝑡, 𝑒𝑛𝑣𝑡) ∣ 𝑡 ∈  (28)

where 𝐯𝑡 represents the vehicle state vector, encompassing spatial position, battery state-of-charge, and temporal constraints including 
arrival and departure times; 𝐜𝐬𝑡 denotes the charging station state vector, capturing occupancy status and operational availability; 
and 𝐞𝐧𝐯𝑡 represents the environmental state vector, incorporating time-varying electricity prices, grid load conditions, and temporal 
factors that influence system dynamics. Action Space:

𝐴𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑒 = 𝑎𝑡 = (𝑃𝑡, 𝑋𝑡,𝑀𝑡) ∣ 𝑡 ∈  (29)

where 𝐏𝐎𝑡 denotes charging power allocation matrix; 𝐗𝑡 denotes charging station assignment matrix, and 𝐌𝑡 denotes vehicle 
relocation operation matrix. State Transitions:

𝑃𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑒(𝑠𝑡+1 ∣ 𝑠𝑡, 𝑎𝑡) = 𝑃𝑣𝑒ℎ(𝑣𝑡+1 ∣ 𝑣𝑡, 𝑎𝑡) ⋅ 𝑃𝑐𝑠(𝑐𝑠𝑡+1 ∣ 𝑐𝑠𝑡, 𝑎𝑡) ⋅ 𝑃𝑒𝑛𝑣(𝑒𝑛𝑣𝑡+1 ∣ 𝑒𝑛𝑣𝑡, 𝑎𝑡) (30)

The state transition probability 𝑃 (𝐬𝑡+1|𝐬𝑡, 𝐚𝑡) can be factorized into three conditionally independent components: the vehicle state 
transition 𝑃𝑣(𝐯𝑡+1|𝐯𝑡, 𝐚𝑡) capturing battery dynamics and vehicle movements, the charging station transition 𝑃𝑐𝑠(𝐜𝐬𝑡+1|𝐜𝐬𝑡, 𝐚𝑡) modeling 
occupancy changes, and the environmental transition 𝑃𝑒𝑛𝑣(𝐞𝐧𝐯𝑡+1|𝐞𝐧𝐯𝑡) representing exogenous factors such as electricity prices and 
grid conditions. Battery dynamics:

𝐸𝑣,𝑡+1 = 𝐸𝑣,𝑡 + 𝜂 ⋅ 𝑃𝑣,𝑡 ⋅ Δ𝑡 − 𝐸
𝑠𝑒𝑙𝑓
𝑣,𝑡 + 𝛿𝑎𝑟𝑟𝑖𝑣𝑎𝑙(𝑣, 𝑡) ⋅ 𝐸𝑖𝑛𝑖𝑡𝑣 − 𝛿𝑑𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒(𝑣, 𝑡) ⋅ 𝐸𝑣,𝑡 (31)

Reward Function:
𝑅𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑒(𝑠𝑡, 𝑎𝑡, 𝑠𝑡+1) =

∑

𝑤𝑖 ⋅ 𝑅𝑖(𝑠𝑡, 𝑎𝑡, 𝑠𝑡+1) (32)

With components:
1. Charging cost: 𝑅1 = −

∑

𝑣∈ 𝑝𝑡 ⋅ 𝑃𝑣,𝑡 ⋅ Δ𝑡
2. User satisfaction: 𝑅2 =

∑

𝑣∈ 𝑓 (𝐸𝑣,𝑡, 𝐸
𝑟𝑒𝑞
𝑣,𝑡 , 𝑇

𝑑𝑒𝑝
𝑣 )

3. Movement penalties: 𝑅3 = −
∑

𝑣∈ [𝑐𝑓𝑖𝑥 ⋅ 𝕀(𝑚𝑣,𝑡 = 1) + 𝑐𝑣𝑎𝑟 ⋅ 𝑑𝑣,𝑡]

4. Resource utilization: 𝑅4 = 𝜙
(∑

𝑣∈
∑

𝑠∈𝑣,𝑠,𝑡
|𝑆|

)

5. Load balancing: 𝑅5 = −var(𝑃𝑖,𝑡 ∣ 𝑣 ∈ 𝑡)
6. SAC maximizes entropy-enhanced rewards:

𝜋∗ = argmax
𝜋

𝔼𝜋∼𝜏

[ ∞
∑

𝑡=0
𝛾 𝑡(𝑅𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑒(𝑠𝑡, 𝑎𝑡, 𝑠𝑡+1) + 𝛼(𝜋(⋅|𝑠𝑡)))

]

The algorithm uses Soft Actor-Critic (SAC) networks to approximate the value functions, following the approach proposed by 
(Chen et al., 2025).

3.6.  Hierarchical integration and performance-based coordination

The framework’s key strength lies in its performance-based coordination mechanisms between layers, which enable effective 
integration without requiring differentiability of the optimization algorithms. We design an Inter-layer Information Flow Graph 
(IIFG) that facilitates bidirectional communication through structured performance metrics and operational indicators.

3.6.1.  Vertical integration through performance feedback
The vertical integration occurs through two complementary mechanisms: forward constraint propagation and performance-based 

feedback loops.
1. Forward Constraint Propagation (SLM → RAM → SM):
The forward flow establishes operational boundaries for each subsequent layer:

Layout → Allocation ∶ Φ1,2(𝑌 , 𝐵) = (𝑧, 𝑧,Area𝑧), 𝑧 ∈  (33)

Allocation→ Scheduling ∶ Φ2,3 = {𝑋𝑣,𝑠𝑡𝑎,𝑡 ∣ 𝑣 ∈  , 𝑠𝑡𝑎 ∈  , 𝑡 ∈  } (34)

2. Performance Feedback Loop (SM → RAM → SLM):
Instead of gradient-based updates, the framework employs performance metrics to guide upper-layer adjustments:

Scheduling→ Allocation ∶ Ψ3,2(𝑃𝑂,𝑀) = {𝑢𝑣,𝑠𝑡𝑎,𝑡, 𝑉 𝐼𝑠𝑡𝑎,𝑡, 𝜌𝑠𝑡𝑎,𝑡} (35)

Allocation→ Layout ∶ Ψ2,1(𝑋∗) = {𝐶𝐼𝑧, 𝑈𝑅𝑧, 𝑅𝑅𝑧} (36)

where 𝑢𝑣,𝑠𝑡𝑎,𝑡 represents utilization rates, 𝑉 𝐼𝑠𝑡𝑎,𝑡 denotes violation indicators, 𝜌𝑠𝑡𝑎,𝑡 captures performance scores, 𝐶𝐼𝑧 indicates zone 
congestion indices, 𝑈𝑅𝑧 represents zone utilization ratios, and 𝑅𝑅𝑧 denotes reallocation requests.
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3.6.2.  Performance-Based coordination protocol
The horizontal coordination within each layer employs synchronized optimization based on shared performance objectives. For 

the resource allocation layer, charging station assignments 𝑋 and power allocation 𝑃𝑂 are jointly optimized using an Alternating 
Direction Method of Multipliers (ADMM) approach:

𝑋𝑘+1 = argmin
𝑋

𝜌(𝑋,𝑃𝑂𝑘, 𝜆𝑘) (37)

𝑃𝑂𝑘+1 = argmin
𝑃𝑂

𝜌(𝑋𝑘+1, 𝑃𝑂𝑘, 𝜆𝑘) (38)

𝜆𝑘+1 = 𝜆𝑘 + 𝜌(𝐴 ⋅𝑋𝑘+1 + 𝐵 ⋅ 𝑃𝑂𝑘+1 − 𝑐) (39)

3.6.3.  Multi-timescale adaptive mechanism
The framework implements multi-timescale learning with update cycles varying by layer to balance responsiveness with compu-

tational efficiency:
𝜏SLM = 𝜅1,2 ⋅ 𝜏RAM = 𝜅1,3 ⋅ 𝜏SM (40)

𝜏RAM = 𝜅2,3 ⋅ 𝜏SM (41)

where 𝜏SLM, 𝜏RAM, and 𝜏SM represent the update periods for spatial layout (days to weeks), resource allocation (hours), and 
scheduling (minutes) modules respectively. The scaling factors 𝜅𝑖,𝑗 ensure temporal consistency across the multi-scale framework.

3.6.4.  Hierarchical adaptive optimization process
The overall optimization process follows a Hierarchical Adaptive Optimization (HAO) protocol that responds to performance 

feedback:
1. Forward Optimization Phase:

1. Optimize SLM: argmin𝐹1(𝑌 , 𝐵) subject to physical constraints
2. Pass constraints: Φ1,2(𝑌 , 𝐵) defines operational boundaries for RAM
3. Optimize RAM: argmin𝐹2(𝑋|Φ1,2) within spatial constraints
4. Pass assignments: Φ2,3(𝑋∗) provides scheduling constraints
5. Optimize SM: argmin𝐹3(𝑃 ,𝑀|Φ2,3) for real-time operations

2. Performance Evaluation and Adaptive Response:

1. Monitor performance: Collect metrics Ψ2,3(𝑃 ,𝑀) from operational layer
2. Trigger RAM adaptation: If 𝐶𝐼𝑧 > 𝐶𝐼 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 or 𝑉 𝐼𝑠𝑡𝑎,𝑡 > 𝑉 𝐼𝑚𝑎𝑥:

• Adjust allocation priorities based on congestion patterns
• Rebalance vehicle-station assignments using performance scores

3. Aggregate zone metrics: Compute Ψ2,1(𝑋∗) from allocation performance
4. Trigger SLM reconfiguration: If 𝑈𝑅𝑧 < 𝑈𝑅min or systematic congestion detected:

• Initiate zone boundary adjustment based on utilization patterns
• Redistribute charging stations according to demand concentration

This adaptive mechanism ensures that each layer responds to actual operational conditions rather than relying on theoretical 
gradient information that may not be computable in discrete optimization contexts. The performance thresholds (𝐶𝐼 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 , 𝑉 𝐼max, 
𝑈𝑅min) are calibrated through empirical testing to balance system stability with responsiveness to changing conditions.

3.6.5.  Coordination stability analysis
The stability of the coordination mechanism is ensured through bounded performance metrics and controlled update frequencies. 

Let  (𝑘) represent the system performance at iteration 𝑘. The framework achieves coordination stability when:
‖ (𝑘+1) −  (𝑘)

‖ ≤ 𝜖𝑝𝑒𝑟𝑓 (42)

where 𝜖𝑝𝑒𝑟𝑓  is the performance convergence threshold. The multi-timescale update strategy prevents oscillations by ensuring that 
faster layers reach quasi-steady state before slower layers adapt:

𝜏SM
𝜏RAM

< 𝛿1 and
𝜏RAM
𝜏SLM

< 𝛿2 (43)

where 𝛿1 and 𝛿2 are stability margins determined through empirical analysis. This temporal hierarchy ensures that real-time decisions 
adapt within constraints imposed by strategic planning while maintaining overall system coherence.

Experiments demonstrate that this performance-based coordination approach significantly outperforms both single-layer opti-
mization and non-coordinated multi-layer methods, particularly in dynamic environments with demand fluctuations, price changes, 
and equipment failures. The absence of gradient requirements makes the framework robust to the discrete nature of many decision 
variables while maintaining effective inter-layer communication.
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3.7.  Theoretical performance and computational analysis

Our three-layer framework provides theoretical performance guarantees and manageable computational complexity.
Convergence Analysis: If each layer’s optimization problem satisfies regularity conditions, the framework converges to at least 

a local optimum. The convergence rate follows:

‖𝐳𝑘 − 𝐳∗‖2 ≤ (1 − 𝜌)𝑘‖𝐳 − 𝐳∗‖2
Where 𝐳 represents all decision variables and 𝜌 ∈ (0, 1) is the convergence coefficient.
Stability Analysis: The framework demonstrates robustness to parameter perturbations. Each layer’s condition number 𝜅𝑖 =

𝜆max(∇2𝐹𝑖)∕𝜆min(∇2𝐹𝑖) affects sensitivity to disturbances. We employ regularization techniques to control these condition numbers.
Approximation Ratio: The framework achieves near-optimal solutions with approximation error bounded by: 𝐹 (𝐳∗)∕𝐹 (𝐳𝑂𝑃𝑇 ) ≤

1 + 𝜀
Empirical testing shows 𝜀 typically within 5%, meaning our approach achieves at least 95% of global optimality.
Computational Complexity: The total complexity combines:

𝑇𝑡𝑜𝑡𝑎𝑙 = 𝑇𝑆𝐿𝑀 + 𝑇𝑅𝐴𝑀 + 𝑇𝑆𝑀 + 𝑇𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 (44)

Where:

𝑇𝑆𝐿𝑀 = 𝑂(2||⋅𝑁𝑥⋅𝑁𝑦 ) (reduced to polynomial time with heuristics)

𝑇𝑅𝐴𝑀  varies by algorithm choice

𝑇𝑆𝑀 = 𝑂(|| ⋅ || ⋅ | | ⋅𝑁𝑖𝑡𝑒𝑟)

𝑇𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 = 𝑂(|| ⋅ || ⋅ || ⋅ | |)

4.  Solution methodology and implementation

4.1.  Spatial layout module implementation

The Spatial Layout Module (SLM) translates the theoretical Zonal Integer Programming Method defined in Section 3.3 into a 
tractable computational workflow. We implement this through a two-stage optimization approach that balances initialization speed 
with solution precision.

Stage 1: Iterative Initialization. The first stage establishes a stable initial configuration to reduce the search space for the subse-
quent integer programming model. Utilizing the Voronoi formulation from Eq.  (5), the system executes an iterative centroid update 
process. Unlike the theoretical definition, the practical implementation defines strict convergence criteria: the iteration terminates 
only when the Euclidean displacement of seed points between consecutive steps satisfies ‖𝐬𝐩(𝑘+1)𝑧 − 𝐬𝐩(𝑘)𝑧 ‖ < 𝜀, where 𝜀 is a pre-defined 
tolerance threshold.

Stage 2: Exact Boundary Optimization. Once initialized, the zone boundary optimization problem Eq.  (4) is solved to exactness. 
To handle the combinatorial complexity of the state space, we employ the Gurobi Optimizer, a commercial mathematical programming 
solver. The implementation leverages Gurobi’s advanced branch-and-bound algorithms augmented with cutting plane methods.

4.2.  Resource allocation module implementation

The Resource Allocation Module (RAM) implements an adaptive algorithm selection mechanism based on problem scale 𝑛 =
|| × | | × | |, ensuring computational tractability across varying facility sizes. For small-scale problems where 𝑛 < 50, we employ 
exact mixed-integer programming (MIP) formulation. The MIP solver formulates the objective function as specified in Eq. (3.4.1), 
incorporating all constraints defined in Eq. (9) through Eq. (17). The branch-and-cut algorithm systematically explores the solution 
space, providing globally optimal assignments 𝑋∗ and power allocations 𝑃 ∗.

For medium-scale problems where 50 ≤ 𝑛 < 1000, the framework employs Particle Swarm Optimization (PSO) to balance solution 
quality with computational efficiency. The PSO implementation initializes a swarm of 𝑁𝑝 particles, each representing a potential 
solution in the continuous relaxation of the assignment space. During each iteration, particle velocities are updated according to 𝑣𝑖 =
𝑤 ⋅ 𝑣𝑖 + 𝑐1 ⋅ 𝑟1 ⋅ (𝑝𝑏𝑒𝑠𝑡𝑖 − 𝑥𝑖) + 𝑐2 ⋅ 𝑟2 ⋅ (𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑖), where 𝑤 represents the inertia weight, 𝑐1 and 𝑐2 are cognitive and social acceleration 
coefficients, and 𝑟1, 𝑟2 are uniformly distributed random numbers. The positions are subsequently updated as 𝑥𝑖 = 𝑥𝑖 + 𝑣𝑖, with sigmoid 
transformation applied to handle discrete decision variables. The inertia weight follows a linear decay schedule: 𝑤 = 𝑤max − (𝑤max −
𝑤min) ⋅ (iter∕max_iter), promoting exploration in early iterations and exploitation in later stages.

Large-scale problems with 𝑛 ≥ 1000 necessitate the Rolling Horizon Heuristic (RHH) approach to maintain real-time performance. 
The RHH decomposes the temporal optimization problem into a sequence of smaller, tractable subproblems. At each time step 𝑡, 
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the algorithm defines a planning horizon 𝐻 = [𝑡,min(𝑡 +𝐻 − 1, 𝑇 )] and identifies the set of active vehicles 𝑡 = {𝑣 ∈  ∶ 𝑡𝑣arrival ≤ 𝑡 ≤
𝑡𝑣departure}. To further reduce computational complexity, candidate charging stations for each vehicle are restricted based on spatial 
proximity, creating a reduced search space. The algorithm then solves the restricted optimization problem over the planning horizon 
using a greedy assignment strategy that prioritizes vehicles with lower battery states and assigns them to the nearest available 
high-power charging stations. Only the decisions for the current time step are implemented, and the system state is updated before 
proceeding to the next iteration.

4.3.  Scheduling module implementation

The Scheduling Module (SM) employs Soft Actor-Critic (SAC) reinforcement learning to enable adaptive real-time decision-making. 
The SAC algorithm is particularly well-suited for this application due to its ability to handle continuous action spaces and its maximum 
entropy framework, which encourages exploration while maintaining stable learning. The implementation initializes an actor network 
𝜋𝜃 and two critic networks 𝑄𝜙1 , 𝑄𝜙2 , along with their corresponding target networks 𝑄𝜙′1 , 𝑄𝜙′2 . All networks employ three fully-
connected hidden layers with dimensions [256, 256, 128] and ReLU activations. Target networks are updated via Polyak averaging, 
and the use of double Q-learning helps mitigate overestimation bias common in value-based methods.

During each episode, the environment is reset to an initial state 𝑠0, and the agent interacts with the environment over the planning 
horizon. At each time step 𝑡, actions are sampled from the policy distribution 𝑎𝑡 ∼ 𝜋𝜃(⋅|𝑠𝑡), where the policy outputs parameters 
of a squashed Gaussian distribution to ensure actions remain within valid bounds. After executing the action, the agent observes 
the reward 𝑟𝑡 and next state 𝑠𝑡+1, storing the transition tuple (𝑠𝑡, 𝑎𝑡, 𝑟𝑡, 𝑠𝑡+1) in a replay buffer for experience replay. The critics 
are updated by minimizing the mean squared Bellman error: 𝑄 = 𝔼[(𝑄𝜙(𝑠, 𝑎) − 𝑦)2], where the target value is computed as 𝑦 =
𝑟 + 𝛾 ⋅ (min(𝑄𝜙′1 , 𝑄𝜙′2 ) − 𝛼 ⋅ log𝜋𝜃). The actor is updated to maximize the expected return while maintaining high entropy: 𝜋 = 𝔼[𝛼 ⋅
log𝜋𝜃(𝑎|𝑠) −𝑄𝜙(𝑠, 𝑎)]. The temperature parameter 𝛼 is automatically adjusted to maintain a target entropy level through gradient 
descent on 𝛼 = 𝔼[−𝛼 ⋅ (log𝜋𝜃(𝑎|𝑠) +target)].

4.4.  Inter-layer coordination mechanism

The coordination between layers is implemented through a structured information exchange protocol that ensures consistency 
while respecting the computational constraints of each optimization method. The forward information flow follows a hierarchical 
pattern where each layer provides constraints and guidance to subsequent layers. The SLM communicates zone capacities 𝐶𝑧 for each 
zone 𝑧, station locations loc𝑠 for each station 𝑠, and the zone-station mapping  𝑧 ⊆   to the RAM. Subsequently, the RAM 
provides vehicle-station assignments 𝑋𝑣,𝑠,𝑡, time window constraints [𝑡start, 𝑡end] for each assignment, and available power budget 
𝑃available(𝑡) to the SM.

Given the discrete nature of the optimization problems in the upper layers, traditional gradient-based feedback is infeasible. 
Instead, we implement a performance-based feedback mechanism that propagates aggregate metrics and constraint violations. The 
SM reports utilization metrics 𝑢𝑠,𝑡 = actual usage∕assigned capacity, violation indicators 𝑣𝑠,𝑡 that signal constraint breaches, and per-
formance scores 𝜌𝑠,𝑡 computed as weighted combinations of efficiency metrics to the RAM. Similarly, the RAM communicates zone 
congestion indices CI𝑧 = avg(utilization) × avg(wait_time) and reallocation requests for zones requiring capacity adjustments to the 
SLM. This feedback mechanism enables each layer to adapt its decisions based on actual operational performance without requiring 
differentiability of the optimization algorithms.

4.5.  Computational complexity and convergence analysis

The computational complexity of the framework varies significantly across layers due to their different optimization approaches 
and time scales. The SLM exhibits complexity of (||

2 ⋅𝑁𝑥 ⋅𝑁𝑦) for the Voronoi iteration process, with worst-case complexity of 
(2||⋅||) for the ILP component, though modern solvers typically achieve much better performance through sophisticated branching 
strategies and cutting planes. The RAM complexity depends on the selected algorithm: MIP shows worst-case exponential complexity 
(2𝑛) but typically performs at (𝑛3) with good bounds, PSO exhibits (𝑁𝑝 ⋅max_iter ⋅ n) complexity, and RHH maintains (𝑇 ⋅𝐻 ⋅
|𝑡| ⋅ | 𝑐 |) complexity. The SM demonstrates complexity of (|| ⋅ || ⋅𝑁episodes ⋅ 𝑇episode) for the learning phase, with inference 
complexity of (||) for real-time decision-making.

The total framework complexity accounts for the different update frequencies of each layer: 𝑇total = 𝑇SLM∕𝜏SLM + 𝑇RAM∕𝜏RAM +
𝑇SM∕𝜏SM + 𝑇coord, where 𝜏 represents the update frequency for each layer. This multi-timescale approach ensures computational 
feasibility while maintaining system responsiveness. Convergence of the hierarchical framework is established through layer-wise 
guarantees: the SLM’s ILP formulation guarantees optimal solutions within tolerance 𝜀, the RAM achieves proven convergence to 
global optimum for MIP, probabilistic convergence to near-optimal solutions (typically 95–98% of optimal) for PSO, and bounded 
approximation ratio for RHH as demonstrated in Eq. (24). The SM’s SAC algorithm convergence follows from maximum entropy 
reinforcement learning theory, with convergence rates dependent on the smoothness of the value function and the expressiveness of 
the function approximators.
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Fig. 5. Effect of demand on layout and performance.

4.6.  Implementation considerations

The practical deployment of the framework requires careful attention to software architecture and operational constraints. The 
system employs a modular design with well-defined application programming interfaces (APIs) between layers, enabling independent 
development and testing of each component. Parallel execution is leveraged where possible, such as evaluating PSO particles con-
currently or processing multiple charging stations simultaneously in the scheduling layer. Efficient data structures, including priority 
queues for vehicle scheduling and spatial indices for station proximity queries, are essential for maintaining real-time performance. 
To handle real-time constraints, the framework employs pre-computation and caching strategies for frequently accessed data, imple-
ments fail-safe mechanisms to handle solver timeouts gracefully, and utilizes incremental updates rather than full re-optimization 
when system changes are minor. These implementation details ensure that the theoretical framework translates effectively to practical 
deployment in commercial parking facilities.

5.  Numerical experiments

We perform the following numerical experiments to gain managerial insights on EV charging operations and to assess the com-
putational efficiency and accuracy of the proposed solution algorithms. The experiments adopt the real-time data collected from 
IoT-enabled parking facilities during January 2021 to June 2024 (John, 2024). The dataset comprises 1000 parking event records 
across 50 parking spots distributed in four zones, capturing comprehensive attributes including timestamps, vehicle types, parking 
duration, occupancy status, and environmental conditions. The vehicle composition consists of conventional cars (70.4%), motor-
cycles (19.1%), and electric vehicles (10.5%), with EVs accounting for 19.8% of total parking events. The parking duration follows 
a quasi-normal distribution with a mean of 2.87 hours (standard deviation: 1.63 hours), where approximately 48.5% of vehicles 
remain parked for 2–3 hours. Vehicle arrival patterns exhibit moderate temporal variations, with peak arrivals during afternoon 
(14:00-17:00) and evening periods (19:00-22:00). The average occupancy rate is 28.4%, ranging from 0.8% to 79.3%. Environmental 
parameters including temperature, precipitation, and traffic conditions are also recorded. Based on this dataset, we analyze the effect 
of demand on layout performance, investigate the impact of car-park dimensions, examine the influence of gap width, and compare 
the exact and heuristic frameworks.

5.1.  Effect of demand on layout and performance

Consider a car-park with dimensions L = 150 [m], W = 65 [m], spot length l = 5 [m], and spot width w = 2 [m]. The car-park 
has y = 30 rows in each island and the width of the clearance roadway is 5 [m]. We increase the demand from D = 600 [veh] to D 
= 780 [veh] and examine the geometric shape of the optimal car-park layout.

Fig. 5 illustrates the effect of demand on parking supply and relocation costs. As shown in Fig. 5a, parking supply increases in a 
step-wise fashion. The points where the steps occur are the points where the layout changes significantly. For instance, from D = 0 
to D = 660, the optimal layout consists of 20 two-column islands where the demand is evenly distributed among islands. At D = 
661, however, the car-park layout changes substantially, leading to a jump in parking supply.

When demand is low to medium, the islands all have only two columns, which is similar to existing parking facilities for conven-
tional vehicles. This two-column design has the lowest relocation cost and is preferable when demand is relatively low. As demand 
increases, the islands become larger with more columns. The two-column islands are eliminated at the highest demands because they 
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Fig. 6. Effect of car-park dimensions on performance metrics.

require gaps that occupy valuable land that could otherwise be used as island space. The maximum demand 𝐷max that the car-park can 
serve is 780 [veh], with parking supply in the experimental scenarios being 660, 660, 720, 720, 780, and 780 vehicles, respectively.

Fig. 5b shows that expected relocations follow the same step-wise pattern with jumps occurring at layout transition points. There 
is also a gradual increase within each step, which is intuitive as higher demand requires more relocations. The results indicate that 
at the highest demand (𝐷 = 780 [veh]), approximately 5 vehicles must be relocated during any random retrieval operation.

5.2.  Effect of Car-Park dimensions on maximum demand

The maximum demand 𝐷max depends significantly on the area and dimensions of the car-park. We present 13 car-park instances 
in Fig. 6, each with different length L and width W but with identical total area (LW = 6890 [𝑚2]). Instances 1–13 represent different 
length-to-width ratios (L:W) while maintaining constant total area. The progression moves from elongated horizontal layouts through 
square configurations to elongated vertical layouts. The results show that the highest maximum demand, 𝐷max = 560, occurs in the 
square orientation where L ≈ W (Instance 7). This square orientation also demonstrates the lowest relocation cost among all instances, 
making it a particularly desirable configuration.

Fig. 6a and b illustrate that 𝐷max and the utilization ratio are both generally higher in square orientations. The highest utilization 
ranges between 75% and 80% across all instances, indicating that approximately 80% of the land is allocated to parking spots and the 
remaining 20% to clearance roadway and inter-island gaps.

As shown in Fig. 6c, the spatial efficiency ratio averages 1.62 but can reach as high as 1.87, demonstrating that EV charging 
facilities can accommodate up to 87% more vehicles than conventional parking facilities. For car-parks with large width 𝑊 , the 
spatial efficiency mainly derives from the smaller space requirements of each EV parking spot compared to conventional spots (𝑤 = 
2 vs. 𝑤 = 2.8). However, for car-parks with smaller width, the efficiency gain comes from both dimensional advantages and optimal 
vehicle relocation strategies.
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Fig. 7. Impact of gap width on layout performance. Instances 1–11 represent increasing gap widths from 2.0m to 4.0m in increments of 0.2m.

Fig. 6d plots relocation cost versus 𝐷max for each instance, highlighting the Pareto efficiency achieved by square layouts, which 
balance maximum demand capacity with operational efficiency.

5.3.  Impact of gap width on layout

We analyze the impact of gap width 𝛼 on the optimal layout and performance of the car-park. Fig. 7 presents results for 11 
instances with gap widths ranging from 𝛼 = 2.0 to 𝛼 = 4.0m.

The utilization ratio decreases with increasing 𝛼, as shown in Fig. 7c, because wider gaps occupy more space, leaving less area 
available for parking islands. Consequently, the maximum demand 𝐷max also decreases with 𝛼, as illustrated in Fig. 7a, since fewer 
vehicles can be accommodated in the car-park.

Interestingly, the objective function exhibits a non-monotonic pattern (Fig. 7b). There is an initial significant decrease from 
Instance 1 (𝛼 = 2.0) to Instance 2 (𝛼 = 2.2) because Instance 2 accommodates fewer vehicles. From Instance 2 onward, however, the 
objective function strictly increases despite serving the same demand (𝐷max = 780 [veh]). This occurs because the layout becomes 
less efficient with increasing gap width, requiring more vehicle relocations.

Fig. 7d shows that the spatial efficiency ratio increases from 1.55 (Instance 2) to 1.86 (Instance 11) as 𝛼 increases. This trend 
emerges because while 𝐷max remains constant at 780 vehicles across Instances 2–11, the maximum capacity of a conventional two-
column design decreases with wider gaps, thus increasing the relative advantage of the optimized layout.

5.4.  Algorithm comparison - Exact vs. heuristic

We compare the performance of the exact and heuristic algorithms across 18 test instances with varying parameters. Fig. 8 
illustrates the solution quality comparison, while Fig. 9 examines computational efficiency.
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Fig. 8. Algorithm comparison - solution quality. Instances 1–18 represent test scenarios with varying combinations of car-park dimensions, demand 
levels, and gap widths.

Fig. 9. Algorithm comparison - computational time. Instances correspond to the same test scenarios as Fig. 8, ordered by increasing problem 
complexity.

As shown in Fig. 8a, the objective function values obtained by the exact algorithm are consistently lower than or equal to those of 
the heuristic. The percentage gap in solution quality (Fig. 8b) ranges from 0% to 18%, with larger discrepancies occurring in instances 
with complex layout requirements where the exact algorithm can explore a wider range of configurations.

Fig. 9a presents computation time on a logarithmic scale, revealing that the exact algorithm requires significantly more processing 
time than the heuristic. The longest computation time occurs in Instance 15, requiring 5.3 hours for the exact algorithm but only 0.4 
seconds for the heuristic. Fig. 9b shows the speedup factor (the ratio of exact to heuristic computation time), which ranges from 10×
to over 40,000×, with larger speedups for more complex instances.

Fig. 10 provides a comprehensive view of the tradeoff between solution quality and computational efficiency. The bubble sizes 
represent problem complexity (area × demand), demonstrating that while the heuristic provides reasonable approximations for 
simpler problems, it may miss optimal solutions for more complex instances. In Instance 9, both algorithms yield identical objective 
values, but the exact algorithm requires 229.62 seconds compared to just 0.42 seconds for the heuristic, indicating that the heuristic 
can sometimes find optimal solutions with substantially reduced computational effort.
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Fig. 10. Combined performance metric.

Fig. 11. Visualization of optimal layout for different demands.

5.5.  Visualization of optimal layouts

Fig. 11 illustrates the optimal layouts for three demand scenarios (𝐷 = 600, 680, and 760). For D = 600, the layout consists of 
20 two-column islands, similar to conventional parking facilities. As demand increases to D = 680, the layout transitions to 8 islands 
with more columns (5 columns per island). For the highest demand scenario (𝐷 = 760), the optimal design features just 4 islands 
with many columns (10–14 columns per island).

Fig. 12 presents a comprehensive comparison across all experiments. Fig. 12a contrasts utilization percentages between optimal 
and sub-optimal designs, while Fig. 12b compares efficiency metrics. The results consistently demonstrate that square-shaped car-
parks with appropriate gap widths achieve the best overall performance, effectively balancing space utilization with operational 
efficiency.
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Fig. 12. Visualization of optimal layouts.

Table 3 
Performance comparison of different optimization approaches.
 Performance  Traditional  Single-  Non-  Three-  Improvement
 Metric  Approach  Layer  Coordinated  Layer  (%)

 Optimization  Multi-Layer  Framework
 Vehicle Movements (avg. per retrieval)  7.8  6.9  6.2  5.9  23.7
 Charging Vehicles per Unit Time  183  196  211  222  21.4
 Parking Occupancy Rate (%)  73.5  76.2  79.4  82.9  12.8
 Average Waiting Time (min)  18.3  15.1  12.7  9.4  48.6
 Energy Cost Reduction (%)  –  5.8  10.3  14.2  14.2
 System Recovery Time (min)  47.2  38.4  29.5  21.6  54.2

5.6.  Comprehensive performance evaluation

Table 3 presents a comprehensive performance comparison between our proposed three-layer framework and alternative ap-
proaches. The traditional approach represents current industry practices without optimization, while single-layer optimization focuses 
only on scheduling without considering spatial or resource allocation dimensions. The non-coordinated multi-layer approach imple-
ments all three layers but without the vertical and horizontal integration mechanisms described in Section 3.6. Across all metrics, our 
integrated three-layer framework demonstrates superior performance, with particularly significant improvements in system recovery 
time after failures (54.2% reduction) and average waiting time (48.6% reduction). The framework reduces vehicle movements by 
23.7% compared to traditional approaches while increasing charging throughput by 21.4%. These findings align with but exceed the 
benefits observed in single-algorithm approaches such as the genetic algorithm implementation by (Zhou et al., 2022a; Hu et al., 
2025b), highlighting the advantages of our integrated multi-layer architecture. Illmann and Kluge (2020), using Granger causality 
tests, discovered that increases in charging infrastructure lead to increases in EV registrations, rather than the reverse. This supports 
the fundamental premise of our framework-that by optimizing the configuration and operation of charging infrastructure, we can 
positively influence EV adoption and usage patterns. These results validate our hypothesis that addressing the interdependencies 
between spatial layout, resource allocation, and temporal scheduling yields substantial performance benefits beyond what can be 
achieved through isolated optimization of individual system components.

Table 4 evaluates the computational performance of our optimization framework under diverse operational conditions. Under 
normal operations, the system converges rapidly (3.7 seconds) with minimal optimality gap (1.8%), demonstrating high stability and 
adaptability. During peak demand periods with 150% normal load, convergence time increases to 6.2 seconds with a still acceptable 
3.5% optimality gap. The framework demonstrates robust performance even under significant disruptions, such as 30% charging 
station failures, maintaining an adaptability index of 0.83. The system remains functional even during combined disruptions and 
extreme weather events, though with increased convergence time (15.3 seconds) and optimality gap (8.5%). The adaptability index-
calculated as a weighted function of convergence speed, solution quality, and recovery capability-remains above 0.7 even in the 
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Table 4 
Computational performance of the optimization framework.
 Operational Scenario  Convergence Time(s)  Optimality Gap(%)  Adaptability Index
 Normal Operations  3.7  1.8  0.94
 Peak Demand  6.2  3.5  0.89
 Charging Station Failures  8.4  5.2  0.83
 Price Fluctuations  4.9  2.4  0.91
 Combined Disruptions  12.7  7.1  0.78
 Extreme Weather Event  15.3  8.5  0.72

most challenging scenarios, indicating the framework’s resilience to operational disturbances. These results validate our theoretical 
stability analysis in Section 4.5 and demonstrate the practical robustness of our three-layer optimization approach under real-world 
conditions.

6.  Discussion

Our three-layer optimization framework addresses fundamental challenges in EV charging management through the systematic 
integration of spatial, resource allocation, and temporal decision-making. The hierarchical architecture demonstrates that treating 
these traditionally isolated optimization domains within a unified framework yields substantial performance improvements beyond 
what single-layer approaches can achieve.

The 23.7% reduction in vehicle movements and 21.4% increase in charging throughput directly address the infrastructure uti-
lization inefficiencies identified in our introduction. These improvements stem from the framework’s ability to coordinate decisions 
across multiple time scales-strategic spatial planning, tactical resource allocation, and operational scheduling-rather than optimiz-
ing each domain independently. The 48.6% reduction in average waiting time particularly validates our hypothesis that integrated 
optimization better serves user experience while maintaining system efficiency. The stability enabling these performance gains is 
rooted in the validity of integrating decisions across vastly different time horizons. The justification lies in inherent interdependen-
cies: strategic spatial decisions establish enduring physical constraints for operations, while long-term planning must be informed by 
operational realities to ensure infrastructure robustness. To prevent short-term operational fluctuations from destabilizing long-term 
strategies, the framework employs temporal decoupling with distinct update frequencies (SLM > RAM > SM). This ensures that faster 
operational layers reach a quasi-steady state before strategic layers adapt, aligning with singular perturbation theory, which guaran-
tees bounded tracking error when fast and slow dynamics are adequately separated. Additionally, temporal filtering via exponential 
moving averages smooths performance metrics, ensuring that upper layers respond to sustained trends rather than transient fluctua-
tions. Hysteresis bands around triggering thresholds further prevent chattering behavior. Finally, feedback between layers relies on 
aggregated key performance indicators rather than detailed operational data, allowing strategic layers to adapt based on systemic 
performance trends.

Regarding implementation, our adaptive algorithm selection strategy represents a key methodological contribution. By dynami-
cally selecting between MIP, PSO, and RHH based on system complexity, the framework enables practical deployment across diverse 
facility scales. To address the trade-off between complexity and maintenance costs, the hierarchical design naturally mitigates com-
putational bottlenecks through timescale decoupling. The computationally intensive Spatial Layout Module runs offline on a strategic 
horizon, effectively isolating it from real-time constraints. For resource-constrained environments, a ‘lightweight’ version can be 
implemented by locking the resource allocation module to the RHH (𝑂(𝑛 log 𝑛)). Furthermore, calibration complexity is managed by 
offloading heavy reinforcement learning training to cloud-based digital twins and deploying only the low-complexity inference model 
(𝑂(𝑛)) to local edge devices, ensuring the system remains robust and cost-effective. 

Essential for practical deployment is the framework’s resilience to stochastic and unexpected events, such as sudden reductions in 
available charging capacity due to grid instability or local equipment faults. Our hierarchical framework is specifically structured to 
absorb such shocks. A capacity reduction is immediately registered as a tightening of the system-level constraint. This change triggers 
a rapid re-evaluation at the resource allocation layer. The adaptive algorithm selection mechanism prioritizes the faster RHH or PSO 
to quickly determine a feasible allocation of the reduced capacity across all zones. This revised capacity constraint is then fed into 
the real-time scheduling layer as an updated state observation for the SAC agent. Since the SAC policy is trained on diverse scenarios, 
it can immediately issue a revised set of charging power commands that adhere to the new, tighter constraints, effectively mitigating 
the system impact by proportionally slowing down charging or re-sequencing the schedule to manage the reduced resource pool. 
Future work could focus on explicitly training the SAC agent to optimize for minimal disruption (by incorporating a "capacity loss 
penalty" into the reward function).

While the current implementation demonstrates significant efficacy, several avenues for enhancement remain. First, the framework 
focuses primarily on operational optimization within existing grid constraints; future iterations could incorporate more sophisticated 
demand forecasting models and dynamic pricing mechanisms (Bae et al., 2024). Second, integrating detailed mobility uncertainty 
models (Cao et al., 2018) could further enhance predictive accuracy beyond our current user behavior modeling. Finally, the current 
model relies solely on external grid capacity. Future research should explicitly model Vehicle-to-Vehicle (V2V) interactions, which 
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could augment the Resource Allocation Module by introducing neighboring vehicles as secondary power sources to overcome grid 
capacity bottlenecks during peak demand.

7.  Conclusion

This research develops and validates a hierarchical three-layer optimization framework that fundamentally transforms electric 
vehicle charging infrastructure management. By systematically integrating spatial layout optimization, adaptive resource allocation, 
and real-time scheduling within a unified architecture, the framework addresses critical inefficiencies inherent in current charging 
management systems.

The bottom layer employs an integer linear programming approach to establish efficient zoned parking layouts, achieving spatial 
efficiency ratios of up to 1.87 and enabling EV facilities to accommodate 87% more vehicles than conventional parking configurations. 
The middle layer implements an adaptive algorithm selection mechanism that effectively balances solution quality with computational 
efficiency, providing scalable optimization across facility sizes ranging from small installations to large commercial complexes. The top 
layer incorporates reinforcement learning to enable continuous adaptation to evolving operational conditions while simultaneously 
optimizing multiple competing objectives.

Experimental validation demonstrates substantial performance improvements across all key metrics: 23.7% reduction in vehicle 
movements, 21.4% increase in charging throughput, 12.8% improvement in parking occupancy, and 14.2% reduction in electricity costs. 
These results validate our central hypothesis that coordinated multi-layer optimization delivers superior performance compared to 
isolated single-domain approaches. The framework’s robust performance under operational stress-maintaining service during partial 
infrastructure failures and adapting to demand fluctuations-confirms its practical viability for commercial deployment.

As global EV adoption accelerates, this research addresses the critical need for intelligent infrastructure management by proposing 
a hierarchical optimization framework that systematically integrates spatial planning, resource allocation, and operational scheduling. 
Methodologically, this architecture captures the interdependencies between traditionally isolated decision domains , while practically, 
it provides a comprehensive solution balancing operational efficiency (Kim et al., 2023), user experience (Meyer et al., 2025), and 
economic performance (Lai et al., 2025). Validated through commercial implementation, the framework’s modular design ensures 
adaptability to diverse contexts, offering a robust foundation for efficient, reliable, and economically viable electric mobility systems.

Future research should extend the framework to incorporate renewable energy integration (ElSayed et al., 2022) with stochastic 
forecasting (Wang et al., 2026; Hu et al., 2025c), alongside advanced bidirectional energy capabilities such as Vehicle-to-Grid (V2G) 
and Vehicle-to-Vehicle (V2V) trading. Specifically, V2V technology could enhance system capacity by utilizing high-SoC vehicles 
as localized energy buffers during grid congestion, building upon promising results demonstrated in residential settings (Nishanthy 
et al., 2023). Furthermore, scaling these operations to city-wide networks requires developing distributed optimization approaches 
for multi-facility coordination (Ju et al., 2022), while integrating game-theoretic properties (Nejad et al., 2017) represents a crucial 
theoretical advancement to ensure strategy-proofness for individual users within system-wide optimization.
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