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Battery swapping stations provide a promising alternative for rapid electric vehicle (EV) refueling, but their
charging operations must coordinate stochastic demand, renewable energy availability, battery degradation,
and demand charge tariffs. We formulate the charging problem of a renewable-integrated station as a finite-
horizon dynamic program and uncover a fundamental cost-capacity tradeoff: while peak grid usage level
incurs demand charges, it also creates reusable charging capacity that can benefit future operations. We
analytically characterize the optimal single-period charging policy and establish a two-threshold structure
that separates aggressive, economic, and conservative charging regimes. This structural result provides a
mathematical explanation for why optimal charging decisions can be non-monotone in the peak usage level
and even exceed a no-demand-charge benchmark. To address the curse of dimensionality in multi-period
settings, we leverage these structural insights to develop structure-informed heuristics and a structure-guided
reinforcement learning policy. Using a case study of a NIO battery swapping station in the Netherlands, we
quantify the financial impact of ignoring demand charges and demonstrate the effectiveness of our proposed

policies in improving operational performance.
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1. Introduction

The rapid growth of electric vehicles (EVs) is reshaping the design and operation of charging infras-
tructure. Global sales of fully electric and plug-in hybrid vehicles exceeded 17 million in 2024,
representing a 25% increase over 2023 (IEA 2025). China remains the largest and fastest-growing
market, with about 11 million new energy vehicles sold in 2024, and EVs accounted for over 70% of

newly registered private vehicles in Hong Kong by late 2024 (China Daily 2024). As EV penetration



increases, the key infrastructure challenge is no longer only whether charging facilities are available,
but whether refueling services can be provided quickly, reliably, and economically without creating
excessive stress on the power grid.

Most existing EV refueling infrastructure relies on plug-in charging. Although fast charging tech-
nologies continue to improve, they do not fully eliminate operational frictions. For example, Tesla’s
V4 Superchargers can deliver up to 500 kW of power and charge a vehicle from 10% to 80% in
about 30 to 35 minutes (Tesla 2026). This is still much slower than refueling a gasoline vehicle,
and the high instantaneous power requirement of fast chargers can create substantial grid pressure.
Range anxiety—the concern that a vehicle may run out of battery before convenient refueling is
available—therefore remains an important barrier to wider EV adoption.

Battery swapping stations (BSSs) resolve this friction by exchanging a depleted battery for a fully
charged one in under three minutes. This rapid turnaround is especially valuable for high-utilization
commercial fleets (taxis, ride-sharing vehicles) where charging downtime is costly. Because of the
quick turnaround, BSSs require much less space compared to charging stations, which often require
parking areas to accommodate vehicles during long charging sessions. This space efficiency makes
BSSs especially advantageous in compact, populated urban cities like Hong Kong and New York.
Moreover, BSSs can store excess renewable energy in batteries, aligning EV charging with sustainable
energy goals. Industry adoption reflects these advantages. As of early 2026, NIO operates over 3,750
swap stations across China and 61 stations in Europe, handling approximately 100,000 swaps per day
(NIO 2026). CATL, the world’s leading battery maker, has built more than 1,470 stations, targeting
3,000 stations by the end of 2026 (CATL 2026). This aggressive scaling underscores CATL CEO
Robin Zeng’s prediction that by 2030, battery swapping, home charging piles, and public charging
piles will each account for a third of the EV charging market, establishing BSS as a pillar of future
EV infrastructure.

The scaling of BSSs, however, creates a distinctive operational problem. A station must maintain
enough fully charged batteries to serve stochastic swapping demand, while deciding when to recharge
depleted batteries using intermittent renewable generation and grid electricity. These decisions are
affected by time-varying energy prices, battery degradation from repeated charging, waiting costs
when customers cannot be served immediately, and demand charges. Under many electricity tariffs,
commercial users pay not only for total energy consumption but also for the maximum grid power
draw, referred to as peak usage level thereafter, recorded during a billing cycle (Jin and Xu 2017,
Chen et al. 2024). Because a BSS must recharge multiple high-capacity battery packs to maintain
service readiness, uncoordinated charging can easily trigger large grid power spikes. These demand
charges are far from trivial; empirical evidence shows that demand charges routinely account for

31% to 49% of a commercial station’s total utility bill, and uncontrolled charging can inflate these



peak fees by up to 335% compared to optimized scheduling benchmarks (Lee et al. 2020). Thus,
managing peak usage level while preserving service quality is the central economic hurdle for modern
BSS operations.

The existing operations management literature has extensively studied EV charging schedules,
focusing primarily on minimizing time-of-use volumetric electricity costs (e.g., Wu et al. 2017, Jin
et al. 2023) or optimizing battery availability (e.g., Mak et al. 2013, Schneider et al. 2018, Widrick
et al. 2018). However, prior research rarely integrates the joint complexities of path-dependent
demand charges, intermittent solar generation, and stochastic customer swapping demand. Incorpo-
rating demand charges fundamentally alters the mathematical structure of the problem because the
peak usage level updates via a non-linear maximum operator. This introduces a highly non-linear,
path-dependent state variable that prevents the direct application of standard arguments commonly
used in operations management for proving structural properties of optimal value functions, leaving
a critical gap in our theoretical understanding of how a BSS should coordinate battery inventory
and peak grid usage over time.

In this paper, we address this gap by asking a fundamental question: What is the structure of
the optimal charging policy for a renewable-integrated BSS operating under demand charges, and
how should operators leverage the resulting insights to develop implementable heuristic policies? To
answer this, we formulate this problem as a finite-horizon dynamic program over a billing cycle. In
each decision period, the station observes its fully charged battery inventory, realized solar genera-
tion, grid energy price, and current peak usage level, and then decides how many depleted batteries
to charge. The station earns swap revenue from served demand, incurs waiting costs for unserved
customers, pays energy and battery degradation costs for repeated charging, and pays a demand
charge based on the maximum grid usage level reached during the billing cycle. The objective is to
maximize total expected profit through forward-looking charging decisions.

Our framework explicitly captures a compelling “cost or capacity” tension. The peak usage level
is inherently a cost state because a higher peak increases the terminal demand charge. At the same
time, once a peak has already been established, it acts as an implicit capacity endowment—the
BSS can freely pull grid energy up to that peak usage level in later periods without incurring any
additional demand charge. To this end, our main contributions are summarized as follows:

First, we provide the first exact analytical characterization of optimal charging decisions for
a renewable-integrated BSS under demand charges. For the single-period charging problem, we
establish structural properties of the value function and prove a renewable-first property. When
solar generation is insufficient, we prove that the optimal policy exhibits a non-monotonic, three-
regime threshold structure: an aggressive regime (deliberately driving up the peak usage level to

“purchase” future capacity), an economic regime (maximizing inventory within the existing peak



usage level), and a conservative regime (curtailing charging in very high peak usage levels to save
empty batteries for future solar or off-peak hours). We also demonstrate an inventory-capacity
substitutability property, showing that the optimal charging quantity decreases with the inventory
of fully charged batteries, bounded by a marginal effect of one.

Second, by comparing our model to a no-demand-charge benchmark, we show that a natural
intuition that adding a demand charge should uniformly suppress grid usage can fail. When the peak
usage level is sufficiently high, a demand-charge-aware policy actually charges more aggressively than
the benchmark because its marginal capacity cost has effectively dropped to zero. This demonstrates
that peak usage level is not merely a terminal billing outcome, but an active operational state
variable that alters the marginal value of inventory throughout the billing cycle.

Third, moving from theory to execution, we translate these structural principles into scalable
decision rules for realistic multi-period charging settings where a battery requires multiple decision
periods to become fully charged. Because the battery-pipeline state and peak usage level make the
dynamic program high dimensional, solving the dynamic program becomes computationally imprac-
tical. Hence, we develop decision rules leveraging our theoretical insights. We develop structure-
informed heuristics (Policy ST and Policy CB) alongside a structure-guided reinforcement learning
algorithm (Policy ST-PPO).

Lastly, we validate our framework by a case study calibrated to a NIO station in the Netherlands,
integrating real Dutch electricity prices and regional solar generation data. Our numerical results
demonstrate that ignoring demand charges can lead to substantial profit losses of up to 77.90%.
While solar energy sharply lowers peak exposure, station battery capacity exhibits a more nuanced
effect: expanding station capacity can initially raise the optimal peak usage level to secure reusable
charging capacity, though it eventually drives peak-smoothing benefits. Numerically, our structure-
informed Policy ST virtually replicates the exact analytical optimum, yielding an optimality gap
of just 0.47% for L = 2. We further show that the analytical threshold structure can improve
reinforcement learning: ST-PPO, which trains PPO with guidance from Policy ST, consistently
outperforms standard PPO in high-dimensional environments.

The remainder of the paper is organized as follows. Section 2 reviews the related literature. Section
3 introduces the base charging model and characterizes the optimal single-period charging policy.
Section 4 extends the model to multi-period charging and develops structure-informed policies.
Section 5 presents the case study and numerical experiments. Section 6 concludes. Proofs and

algorithmic details are provided in the appendices.

2. Literature Review
This paper is closely related to three streams of literature: (i) infrastructure planning and operations

for EV battery swapping stations, (ii) operations management under demand charges, and (iii)



management of renewable energy and storage systems. Below, we review each area and highlight

our analytical contributions.

2.1. Infrastructure Planning and Operations for Battery Swap Stations

A growing body of literature investigates the strategic and operational decisions of EV battery swap
stations. The first sub-stream focuses on strategic infrastructure planning, encompassing location
choices and capacity investments. An early work by Mak et al. (2013) develops optimization frame-
works to determine optimal station locations and battery inventory under uncertain demand. Sun
et al. (2019) utilize a fluid model to optimize the capacity of charging bays, the number of batteries,
and the recharging decisions at a BSS. Furthermore, alongside infrastructure planning, Shi and Hu
(2024) study the profitability of flexible battery leasing business models.

The second sub-stream emphasizes the operational decisions of BSSs, specifically service pricing
and charging control. Avci et al. (2015) demonstrate that battery swapping can enhance EV adoption
and optimize per-mile pricing, while Hu et al. (2023) compare pay-per-swap and subscription pricing
schemes in a game-theoretic model. In a related EV charging-service setting, Lee et al. (2020) show
that demand charges can account for a substantial share of operating costs even under optimized
charging and pricing decisions.

Two studies are particularly close to our operational modeling approach. Schneider et al. (2018)
use approximate dynamic programming to manage battery inventory and charging decisions across
a network of battery swap stations, quantifying the value of lateral transshipments. Widrick et al.
(2018) focus on single-station dynamics and analytically characterize monotone structural properties
of optimal charging and discharging policies under nonstationary conditions. Our work shares their
dynamic operational perspective, but differs by incorporating renewable generation and demand
charges, which introduce the peak usage level as an additional state variable and lead to a non-
monotone, two-threshold charging structure. Sun et al. (2017) frame the operation as a constrained
Markov decision process to minimize costs while strictly guaranteeing quality-of-service (QoS).
Extending this operational focus, Yu et al. (2024) employ a fluid control approach to optimize
charging decisions by explicitly considering the battery state of charge (SoC). Furthermore, Wu
et al. (2017) apply an evolutionary algorithm to minimize energy and battery degradation costs
when scheduling charging under time-varying prices. Recently, Qi et al. (2023) propose a hybrid
“swap-locally and charge-centrally” infrastructure, leveraging submodularity to exactly solve a joint
location and repairable-inventory model.

Lastly, researchers have explored the integration of renewable energy and vehicle-to-grid (V2G)
capabilities into BSS operations. Due to the high-dimensional complexity of stochastic demand,

intermittent solar/wind supply, and volatile electricity prices, literature in this area leans heavily



on predictive and algorithmic approaches. For instance, Chawrasia et al. (2024) design a solar-
integrated BSS utilizing LSTM-assisted forecasting. Jin et al. (2023) employ deep reinforcement
learning (DRL) specifically to manage real-time charging scheduling. Mao et al. (2024) utilize a
hypergraph-based multi-agent reinforcement learning framework to tackle the joint EV routing
and battery charging problem. Additionally, broader grid-integration studies propose bi-level opti-
mization frameworks for coordinating microgrids and BSSs (Esmaeili et al. 2019) and contractual
mechanisms for coordinating EV charging under uncertainty (Li et al. 2024).

While existing literature offers sophisticated capacity planning models and algorithmic solu-
tions for battery recharging, our work stands apart by analytically characterizing the structure of
the optimal charging policy in a remewable-integrated BSS under demand charges. Unlike purely
learning-based algorithms, our exact structural analysis yields explicit, interpretable insights into

how demand charges fundamentally alter the optimal charging decisions of BSSs.

2.2. Demand Charges in Operations Management

Demand charges have received increasing attention in electricity tariff design and energy-operations
research because they link a customer’s bill to peak power usage rather than only to total energy
consumption. The tariff-design literature emphasizes that non-coincident demand charges can create
incentives that differ from system-level grid costs (Borenstein 2016, Passey et al. 2017). In operations
models, Jin and Xu (2017) characterize an optimal threshold policy for electric storage under time-
varying energy prices and demand charges, and Lee et al. (2020) study pricing and charging decisions
for EV charging services when demand charges are a major operating cost.

The papers most closely related to our setting study EV charging operations under demand
charges. Yang et al. (2023) develop a block model predictive control approach for scheduling EV
charging with demand charges. The closest paper to ours is Chen et al. (2024), who optimize EV
charging management at a charging station with stochastic arrivals and demand charges using
an exponential cone programming approach. Their model captures the operational importance of
demand-charge-aware scheduling in plug-in charging stations. Our paper differs in both system
structure and analytical focus. We study a battery swapping station, where charging decisions affect
not only current grid usage but also future charged-battery inventory, renewable-energy utilization,
and the path-dependent peak usage level. This inventory-coupled structure leads to a non-monotone,
two-threshold optimal policy and reveals the dual role of the peak usage level as both demand-
charge liability and implicit charging capacity. Thus, relative to the EV charging literature, our
contribution is to characterize how demand charges reshape the optimal charging structure in a

renewable-integrated BSS and to translate this structure into implementable policies.



2.3. Management of Renewable Energy and Storage Systems

Finally, our work relates to the literature on renewable energy and storage systems. In our setting,
depleted batteries at a BSS serve as storage units that can be recharged using solar or grid power,
and we study the resulting charging decisions under renewable generation and demand charges. One
stream of this literature examines operational decisions in renewable energy and storage systems,
such as generation scheduling and charging control. Early work by Wu and Kapuscinski (2013)
analyzes generation operations with intermittent renewables and show that curtailment, together
with storage, can improve system efficiency. Zhou et al. (2019) characterize optimal generation
and storage policies for wind-based electricity generation with storage and transmission capacity
constraints. Another stream focuses on capacity investment in renewable generation and storage
systems. Kok et al. (2020) evaluate the capacity investment trade-offs between conventional and
renewable energy and show that conventional flexibility complements renewable variability. Wu et al.
(2023) examine storage location and capacity investment in a power distribution system, comparing
centralized and localized storage. Furthermore, Kaps et al. (2023) study off-grid solar and storage
investment decisions, revealing that generation and storage capacities are strategic complements at
low investment levels but substitutes at higher levels.

While the above studies provide fundamental insights into the operation and capacity invest-
ment of renewable energy and storage systems, we focus on the short-term charging decisions of
a renewable-integrated BSS under demand charges. We examine the operational frictions created
by demand charges and how solar and battery capacities shape the peak usage level and system
performance. Our paper thus extends the renewable energy and storage literature to the context of

BSS operations.

3. Model of a Battery Swapping Station

We begin by modeling the operations of a battery swapping station using a dynamic program-
ming formulation, assuming charging a depleted battery takes a single period. We characterize the
structure of the optimal charging policy under demand charges, and provide insights. The results
help devise heuristic policies that can apply to more realistic situations, including models in which

charging a battery takes multiple periods.

3.1. Model Description

We study a battery swapping station that replaces depleted batteries with fully charged ones for EV
owners. There are B batteries in the station. We assume that there is a charging bay for each battery
because the cost of installing a charging bay is much lower than that of a battery. Moreover, due
to space limitation, there is no incentive for BSS to install more charging bays than their batteries.

The station operates over a fixed planning horizon (typically one month), which is divided into T



decision periods. For instance, when each period represents 1 hour, we have T = 30 x 24 = 720 for a
30-day month. Decisions are made at the beginning of each period. Let T denote the set of decision
epochs, i.e., T={0,1,2,--- , T — 1}. We assume that the charging times of any depleted battery are
identical to simplify our model. This is a mild assumption because the state of charge (SoC) profiles
of lithium-ion batteries (commonly used in EVs) exhibit a rapid increase during the initial charging
phase, followed by a slower saturation phase. As a result, the total charging times for swapped-off
batteries with varying SoC levels are generally similar. This assumption is also consistent with prior
studies (Mak et al. 2013, Schneider et al. 2018). We further assume that any depleted battery can
be fully charged within a single period (1 hour) for the sake of tractability. Our goal is to analyze
the structure of the optimal policy and derive interesting insights from this simple model. We study
a more realistic setting later by employing a finer time granularity (e.g., 15 minutes per period), in
which case charging a battery takes multiple periods.

In each period t € T, an exogenous demand for battery swapping, denoted by d; > 0, is generated.
This demand is a non-negative random variable that follows a general distribution, which is allowed
to be nonstationary over time as the swap demand for batteries depends on the time of day and even
day of week. The BSS faces stochastic swapping demand and utilizes the fully charged batteries,
whose quantity is denoted by x;, to fulfill this demand. Each successful swap generates a revenue of
p > 0. Any unmet demand is deferred to the next period, incurring a waiting cost of s > 0 per unit
per period. Note that x; can take negative values, in which case —x; represents the number of EVs
waiting in line for swapping.

The station determines the number of batteries to charge in period ¢, denoted by ¢,. Let q(z;) =
B —zf denote the maximum feasible charging quantity at state x;, and let Q(z,) = [0, g(x;)] denote
the feasible action set. Thus, ¢, € Q(z,), where x; equals x; if 7, >0 and 0 otherwise. Because
depleted batteries can be fully charged within a single period, the g; batteries that start charging

in the period t become available for swapping at the beginning of period ¢+ 1. Hence, we have
T =x—di+q, tET. (1)

The depleted batteries can be recharged using electricity from the power grid and solar energy
generated by the solar panels installed at the BSS. The solar energy supply, however, is intermittent
and uncertain. We assume that the solar energy generated during period t is A, K. Here, K denotes
the installed capacity of the solar panels, measured by the maximum number of depleted batteries
that can be fully charged by solar energy in one period. The random variable A, € [0, 1] captures the
fraction of this capacity realized in period t. Notably, the specific distribution of A; does not affect
our analytical results. Moreover, A, could also depend on the value in the previous period. In our

numerical study, following Wu and Kapuscinski (2013) and Kouvelis et al. (2023), we model A, as



a Markovian process to better capture the fluctuations of solar generation in practice (see Section
5 for more details). Consistent with prior studies, we assume that the realized A;, denoted by J;,
can be observed at the beginning of period ¢ (Wu and Kapuscinski 2013, Zhou et al. 2019, Kouvelis
et al. 2023). This assumption is reasonable as the duration of each decision period is typically short
(no more than 1 hour), allowing for accurate forecasting of the solar output in this period.

We assume that, once installed, solar panels generate power at zero marginal cost (Kaps et al.
2023, Wu et al. 2023). Hence, BSS prioritizes solar energy to fulfill the charging demand. The
remaining energy requirement, (¢, —d;K )", is met by electricity from the power grid. The tariffs for
charging batteries using grid electricity have two components: the energy consumption cost which
is based on the total amount of electricity consumed (measured in kilowatt-hours, kWh), and the
demand charge which is based on the peak usage level, i.e., the highest rate of electricity usage
that occurs at any point during the billing period (measured in kilowatts, kW). Let ¢; denote the
energy price for fully charging one depleted battery, which is exogenous and predetermined. We
assume that the energy price can be time-dependent. Then, the energy consumption cost in period

tis ci(q — 0, K)T. Let ¢, denote the peak usage level observed from 0 to period ¢. Then, we have

¢ri1 =max {¢y, (¢ — 6, K)"} ,teT. (2)

At the end of the billing period, i.e., t =T, the BSS pays a demand charge of D(¢r), where D(-) is
a convex and increasing function.

In addition to the electricity tariffs, repeated charging can accelerate battery wear, resulting in
reduced battery capacity and lifespan. Battery degradation results from complex electrochemical
and mechanical processes inside the battery. For tractability, we assume that recharging one depleted
battery incurs a constant degradation cost, denoted by 6 (Sepetanc and Pandzi¢ 2020, Jin et al.
2023). For instance, the estimated degradation cost is $1.6 for lithium-ion batteries with a nominal
capacity of 40 kWh installed on Nissan Leaf EVs (Gowda et al. 2021). To avoid triviality and for
the battery swapping business to be economically viable, we further assume 0 < 6 < p.

Let S; = (x4, ¢¢) denote the state of the BSS at the beginning of period ¢. The state space can
be written as S = {(z,¢) : x < B,0 < ¢ < B}. Let V;(S;) denote the optimal value function of the
system in state S;, which captures the total expected profit from period ¢ through the end of the
billing cycle, assuming optimal charging actions are made in all subsequent periods. Without loss

of generality, we assume that when ¢t = 0, all batteries are fully charged, i.e., zo = B and ¢, = 0.
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The objective of the station is to maximize the total expected profit V5(B,0) by determining the
charging decisions ¢, t € 7. Then, for any ¢ € T, the optimality equations can be written as follows:

V;s(xt; ¢)t) = EAt Ltreng()x(t){Edt [pdt - Ct(Qt - 5tK)+ - 9% - S(dt - $t)+ + Vt+1($t+1, ¢t+1)] } ’At = 51&] 5
(3)

Vr(xr, ¢r) = prr — D(ér). (4)

The state transitions for x;,; and ¢;1 are defined in (1) and (2), respectively. The first term in
Equation (4) implies that all fully charged batteries in the terminal period are swapped out, and
the second term is the demand charge paid at the end of the billing cycle.

Note that BSSs are non-terminating systems that provide swapping services continuously. How-
ever, to keep track of the demand charge, we model it as a finite-period problem for simplicity. As
a result, we need to specify the terminal conditions in our formulation. We assume all fully charged
batteries are swapped out and each swap generates a revenue of p. This assumption essentially
implies infinite swapping demand in the terminal period, which is restrictive as it deviates from
reality. However, as it becomes obvious from the proof, the structural results do not depend on the

specific linear terminal value in Equation (4).

3.2. Characterization of Optimal Policy
In this section, we characterize the structure of the optimal charging policy by analyzing the dynamic
programming formulation in Equations (3) and (4). We start by characterizing the structural prop-

erties of the optimal value functions.

PROPOSITION 1 (Structural Properties of Optimal Value Functions). For anyt €T, the
optimal value function Vi(xz.,¢¢) is (i) increasing in the number of fully charged batteries x; and

decreasing in the peak usage level ¢y; and (ii) jointly concave and submodular in (zy, ¢;).?

Proposition 1 first establishes the monotonicity properties of the optimal value function in x;
and ¢;, respectively. The joint concavity of the value function implies diminishing marginal returns
in the expected total profit when the number of fully charged batteries x; increases or when the
peak usage level ¢, decreases. The submodularity of the value function indicates that the marginal
benefit of increasing the number of fully charged batteries x; diminishes when the peak usage level
¢; increases. The structural properties of the optimal value functions in Proposition 1 are critical
for the proof of the optimal policy presented in the following results.

LIf the optimizer is not unique, we select the smallest optimal solution. Throughout the paper, the optimal charging
decision refers to this minimal optimizer.

21n this paper, we use increasing and decreasing in their weaker sense unless otherwise specified.
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PRrROPOSITION 2 (Renewable-First Policy). It is optimal to use all available solar energy gen-

erated in period t to charge depleted batteries whenever feasible; i.e., ¢ >min{§, K, B—x}}, Vt € T.

Because of ¢; < B — ", Proposition 2 implies that the optimal charging quantity ¢; = B — z;
if 6, K > B — x;. In other words, when the solar energy generated in period ¢ is sufficient to fully
charge all depleted batteries, it is optimal to charge all the depleted batteries with solar energy.
This is intuitive because charging a battery using solar energy is free, except for battery degradation
costs, which are assumed to be less than the revenue generated per battery swap. We refer to this
as the Renewable-First Policy, under which BSS should prioritize renewable energy to charge the
depleted batteries as much as possible. The red rhombuses in Figure 1 show the optimal charging
quantities when the solar energy is enough to charge all the depleted batteries, i.e., 6,K > B — z;".

Next, we examine the optimal charging policy when the solar generation is insufficient to fully

replenish all depleted batteries, i.e., when §, K < B — x;.

THEOREM 1 (Optimal Policy). Assume §; K < B —x;". The optimal policy is of threshold type.
Specifically, for any given x, there exist two thresholds ¢ (x;) and @, (x;) such that 0 < ¢, (1) <
¢.(z;) < B—xif —6,K. Then, the optimal charging quantity q; is as follows:

(i) (Aggressive Charging) If ¢, < ¢ (), then ¢; =6, K + ¢ (z1);
(it) (Economic Charging) If ¢ (x:) < ¢ < ¢,(x1), then ¢ =6, K + ¢¢;
(i1i) (Conservative Charging) If ¢, > ¢,(x:), there exists 0 < qf (o) < ¢,(x¢) such that qf = 0, K +
@, (z4) — qf (¢;). Moreover, q¢(¢,) is increasing in ¢;.

Furthermore, both ¢ (x;) and ¢,(z) are decreasing in .

When solar energy generated in period t is not sufficient to fully charge all depleted batteries,
the BSS must decide how much additional charging, if any, should be supplied by grid power.
Theorem 1 establishes that the optimal charging policy in this scenario is characterized by two
critical thresholds, ¢ (z;) and ¢,(z,). For any given inventory of fully charged batteries x,, these
thresholds partition the state space into three distinct charging regimes, detailed as follows.

First, when the peak usage level is low, i.e., ¢; < Qt(a:t), the optimal charging quantity is constant
and independent of the current peak usage level ¢;. In this regime, the policy dictates charging
a target amount: utilizing §; K from solar energy and drawing g(fvt) from the grid. Despite the
resulting increase in demand charges at the end of the billing period, the BSS intentionally increases
the peak usage level ¢, to Qt(a:t). Hence, we refer to this as the aggressive charging regime. The
orange triangles in Figure 1 illustrate the optimal charging quantities in this region.

Second, when the peak usage level is moderate, specifically in the range Qt(xt) < ¢ < ¢,(y), the
optimal charging quantity g; is characterized by the explicit formula: ¢; = 0; K + ¢. This formula
dictates that the strategy prioritizes utilizing all available solar energy é; K. Subsequently, the BSS
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Notes. Parameters: T' =24, t =0, B=25, §, K =2, d, ~ N(10,20), A, ~ N(0.5,0.7), D(¢,) =400¢,, ¢, = 12,
s=10, § =8, and p = 35. The numbers inside the markers show the optimal charging quantity ¢;.

supplements this with grid power to maximize the inventory of fully charged batteries without
exceeding the current peak usage level ¢,. This approach minimizes the risk of battery shortage
while strictly avoiding additional demand charges. This behavior, which balances service quality and
demand charge costs, is referred to as the economic charging regime. The green squares in Figure 1
show the optimal charging quantities under this regime.

Finally, when the peak usage level is sufficiently high, i.e., ¢; > ¢,(x;), the optimal grid charging
quantity is ¢,(z;) — ¢¢(¢;), which is less than the current peak usage level, as ¢, > ¢,(x;) and qf(¢;) >
0. Moreover, as the peak usage level increases, it is optimal to charge fewer depleted batteries.
We refer to this strategy as conservative charging. The blue circles in Figure 1 depict the optimal
charging quantities in this conservative regime.

Theorem 1 also establishes that the two thresholds, ¢ (z;) and ¢,(x;), decrease with the number
of fully charged batteries x;, implying a smaller region for the aggressive charging regime and a
greater region for the conservative charging regime. Hence, with a higher inventory of fully charged
batteries, the BSS transitions into the conservative charging regime at a lower peak usage level

because it does not need to take risks with high demand charges to secure inventory.
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COROLLARY 1 (Sensitivity of ¢/ to ¢;). Assume 6, K < B —z;. For all t € T, the relation-
ship between the optimal charging quantity q; and ¢, is non-monotone. At every point where q; is

differentiable, its derivative satisfies

3q* 07 lf ¢t S?t(xt)v B
&zﬁt =41, if ¢,(w0) <P < @y(x),
! SO) Zf¢t Zat(xt)u

where the thresholds ¢ () and ¢,(z,) are defined in Theorem 1.

Theorem 1 and Corollary 1 reveal a non-monotone relationship between the optimal charging
quantity ¢; and the peak usage level ¢;, and Figure 1 illustrates how the three charging regimes
appear across the state space. This non-monotone relationship is intriguing. Given a fixed inventory
of fully charged batteries, the rationale for intentionally increasing the peak usage level during
the aggressive charging regime seems counterintuitive, as raising the peak usage level increases the
demand charge. Conversely, while one might expect a higher peak usage level ¢; to justify charging
depleted batteries more aggressively, it is actually optimal to charge less in the conservative regime
as ¢, increases.

The core insight driving this non-monotone behavior is that the peak usage level, ¢;, represents
not only a financial cost but also an effective capacity for producing fully charged batteries. Con-
sequently, the determination of g; serves two distinct functions: replenishing the inventory of fully
charged batteries and strategically acquiring (or maintaining) production capacity.

When ¢, is sufficiently low, the BSS effectively “purchases” additional production capacity by
increasing the peak usage level to a higher fixed level. In contrast, when ¢; is sufficiently high,
the BSS already possesses enough capacity to handle future demand variations. In this regime, it
is optimal to charge less and reserve depleted batteries for future periods, allowing the system to
capitalize on free solar energy or lower grid electricity prices. Finally, when ¢; is neither too high
nor too low, the optimal strategy is to utilize the existing production capacity to its fullest extent
without exceeding it, thereby avoiding additional demand charges.

Corollary 1 is a direct outcome of Theorem 1, and establishes strict bounds on the sensitivity of
g; to changes in ¢;: the marginal change is exactly zero in the aggressive charging regime, one in
the economic charging regime, and non-positive in the conservative charging regime.

Next, we investigate how the optimal charging quantity ¢; varies with the number of fully charged

batteries x;.

PROPOSITION 3 (Sensitivity of ¢ to ;). Assume §;K < B —xz; . The optimal charging quan-

tity q; is decreasing in the number of fully charged batteries x;, and —1 < g—i{ <0;
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Proposition 3 shows that the marginal effect of increasing the inventory of fully charged batteries
on the optimal charging quantity is non-positive. This result is intuitive: a higher inventory level
serves as a hedge against future demand uncertainty, thereby reducing the immediate necessity for
charging. Proposition 3 also shows that the optimal charging quantity decreases by at most one unit
with every additional unit of fully charged battery inventory. This structural property is particularly
valuable for computational purposes, as it facilitates the design of efficient heuristics to solve the

dynamic programming model. We will discuss more details in Section 4.

3.3. Model Without Demand Charges

In this section, we consider a simplified version of the model introduced in Section 3.1. Charging
a depleted battery still requires one full period, but no demand charges are imposed. With time-
varying electricity prices and no demand charges, this formulation reflects BSS operations in China.
Using the same notation as in Section 3.1, the optimality equations are given by:

‘/;(.’Et) = ]EAt |: max {]Edt [pdt — ct(qt — 5tK)+ — 9% — S(dt — ﬂj‘t)Jr —+ ‘/;_;'_1 (.’Et+1)i| } ‘At = 5t:| s (5)

qt€Q(xy)

Vr(zr) = prr, (6)

which are similar to Equations (3) and (4) except that D(¢r) =0 and we do not need to track the
peak usage level ¢;. The dynamics of the system state x; is given in (1).

If we further assume that renewable energy is unavailable for battery charging, our model in
Equations (5) and (6) reduces to a class of inventory models with limited production capacities.
Federgruen and Zipkin (1986) analyze inventory management under a constant production capacity
constraint. They prove that a modified base-stock policy is optimal. Similarly, Ciarallo et al. (1994)
show that a base-stock policy remains optimal even when the production capacity is uncertain.
However, unlike these models where capacity is exogenous, the charging capacity (analogous to
production capacity) in our model is endogenous and dependent on the number of fully charged
batteries (analogous to the inventory level), i.e., ¢; < B — z; . Interestingly, we show in the follow-
ing proposition that a modified base-stock policy remains optimal, even in the general case with

renewable energy. Let ¢/ denote the optimal charging quantity when demand charges are absent.

PROPOSITION 4 (Optimal Policy without Demand Charges). When demand charges are
absent, the optimal charging policy for the problem defined in (5) and (6) is a modified base-stock
policy. More specifically, there exists a threshold, denoted by Q; < B, such that the optimal charging
quantity is ¢ =min {maX {Qf —z,0,K},B— xzr} , VteT.

Proposition 4 characterizes the optimal charging quantity ¢/ when demand charges are absent.

The expression of ¢/ implies that it is optimal to exhaust all available solar energy generated in
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period t to charge the depleted batteries, similar to the result for the model with demand charges
(Proposition 2). The optimal charging policy is a modified base-stock policy, where charging deci-
sions are governed by an order-up-to level )}, adjusted to account for exogenous solar energy and
available battery capacity. The threshold @)} is independent of the system state x;. Therefore, one
can design efficient algorithms to solve it. In our numerical study in Section 5, the optimal charging
policy for the model without demand charges will be used as a benchmark policy to demonstrate
the benefit of considering demand charges in battery charging decisions.

Intuitively, one might expect that the introduction of demand charges would uniformly discourage
grid charging. In other words, one might expect ¢; to always be no greater than q . Interestingly,

our next proposition shows that this is not always the case.

PROPOSITION 5 (Comparison of Optimal Charging Quantities). When the peak wusage
level is sufficiently high, specifically in the conservative charging regime (¢, > é,(x,)), the optimal
charging quantity under demand charges can exceed the optimal charging quantity in the model

without demand charges, i.e., qf > q Yt € T. Moreover, we have limy, ,pq; = q.

Proposition 5 reveals an interesting behavior: when the existing peak usage level is sufficiently
high (e.g., when ¢, > ¢,(z,)), the optimal charging quantity under demand charges (¢;) can actually
exceed the quantity chosen in a model where demand charges are absent (qf’ﬁ ). This comparison
complements the threshold structure in Theorem 1 and the sensitivity properties in Corollary 1 and
Proposition 3.

This counterintuitive result again stems from the dual role of the peak usage level ¢;: it acts
not only as a penalty cost, but also as an effective charging capacity for producing fully charged
batteries. When demand charges are absent, the BSS determines its charging quantity by balancing
the current inventory of fully charged batteries against future demand fluctuations. Conversely,
under demand charges, a high ¢, implies that the station has already established a high peak usage
level. Consequently, the marginal demand charge for drawing any additional grid power up to ¢,
is effectively zero. Because this production capacity has already been “paid for”, the BSS has an
incentive to utilize it to aggressively increase the inventory of fully charged batteries. This stockpiling
serves as a valuable buffer against future swapping demand surges or intermittent drops in solar
generation, ultimately leading to a higher optimal charging quantity.

Finally, Proposition 5 shows that as the peak usage level ¢, approaches the upper limit B, the two
policies converge (limgy, , 5 g/ = q ). At this boundary, the demand charge becomes a fixed cost that
can no longer be influenced by marginal charging decisions. Hence, the station’s decision reverts to

balancing inventory and energy prices, as in the model without demand charges.
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4. The Multi-Period Charging Problem and Heuristic Policies
While the single-period model introduced in Section 3—hereafter referred to as the base model—is
analytically tractable and provides fundamental insights into the structure of optimal charging
policies, it abstracts away from certain operational realities. In practice, BSS operations often involve
higher-frequency decision making; that is, a station may adjust its charging strategy every 10 or 15
minutes, whereas fully recharging a depleted battery typically requires approximately one hour.
Next, we extend our base model to a multi-period setting to capture these dynamics in Section
4.1. Because charging a depleted battery now spans multiple decision periods, the system must
explicitly track the SoC of all batteries currently in the charging pipeline. This expansion signifi-
cantly increases the dimensionality of the state space, which makes the problem analytically and
computationally challenging. Hence, in Sections 4.2 and 4.3, we propose several heuristic policies
that leverage structural insights identified from the base model to efficiently and effectively solve

the multi-period charging problem.

4.1. The Multi-Period Charging Model

We first describe the multi-period charging model in detail. We divide each period of the base model
in Section 3 into L shorter decision periods. As a result, a battery that requires one period to
charge in the base model now requires L consecutive periods to become fully charged. Throughout
this section, unless otherwise specified, a period refers to one such shorter decision period. This
discretization increases the decision frequency by a factor of L. Let 7 denote the set of decision
epochs, i.e., T = {0,1,... ,f— 1}. For instance, when each period represents 10 minutes (i.e., L =6),
we have the cardinality of T=30x24x6= 4,320 for a 30-day month. The unit waiting cost, energy
price, and demand in period t are denoted by §, ¢, and cit, respectively. The battery degradation
cost per period per pack is denoted by 0. Hence, we have =0 /L.

At the beginning of each period ¢, the station observes the system state S; = (xy, "), where ¢}
is the peak usage level, and x; = (2o, Z1,4,...,2-1,) represents the battery inventory, including
those fully charged and those in the charging pipeline. More specifically, z(; is the number of fully
charged batteries available for swapping, while z;, >0 for i € {1,...,L — 1} denotes the number
of batteries that require exactly ¢ additional periods to become fully charged. Note that x,: can
take negative values, in which case —z(; represents the number of EVs waiting in line for battery
swapping. The station also observes the realized amount of renewable energy, §; K. For notational
compactness, define Y (x;) = Zf;ll x;+ as the total number of batteries in the charging pipeline at
the beginning of period ¢.

Based on this information, the station determines the number of depleted batteries to initiate

for charging, denoted by ¢;". Let §™(x,) = B — x, — Y (x;) denote the maximum feasible number
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of newly initiated charges, and let Q™(x;) = [0,¢™(x;)] denote the feasible action set. Thus, ¢;* €
Q™(x;). Subsequently, the stochastic demand d, is realized, resulting in swap revenue or incurring
waiting costs if the demand exceeds the available supply z . The state transitions are governed by

the following equations:

T 41 =Tos — d, + T4, (7)
Tip41 =Tip14, fori=1,...,L—2, (8)
Tro141 =0 (9)
oy =max {7, (a7 + ¥ (x) ~0.K) " }. (10)

The BSS aims to maximize its total expected profit over the planning horizon by determining the
charging quantity ¢" in each period. Let V" (S;) denote the optimal value function at the beginning

of period t. The Bellman equations are given by:

~ N +
V(% ¢™) = Ea, [ max {Edt [pdt — 3 —z00)T — & <q;” FY (%) — M()

a;t €QM (x¢)
_é(qln+y(xt>> ‘|‘sz+1(xt+17¢ﬁ1)} }'At:(st]v (11)
~—L—i
Vi (x7,05) =D = —pr, 5 — D(6F). (12)
=0

The first term in Equation (12) represents the prorated terminal revenue of the battery inventory.
Here, a battery that is ¢ periods away from being fully charged is valued at a fraction (L —i)/L
of the full swap price p. The second term represents the demand charge incurred at the end of the
billing cycle based on the peak usage level recorded across all periods.

The multi-period charging problem poses a significantly greater challenge than the single-period
formulation for three reasons. First, the problem becomes high-dimensional and suffers from the
well-known curse of dimensionality. Second, unlike the single-period model, where demand charges
depend solely on contemporaneous actions, decisions in the multi-period setting affect both imme-
diate operating costs and future demand charges through the pipeline of partially charged batteries.
This is because the charging process spans multiple periods, the current distribution of batteries
across charging stages and new charging decisions jointly determine future peak usage levels. Third,
as the state space expands, the value function loses its submodularity, making it analytically difficult
to fully characterize the optimal charging policy. Consequently, we can only establish some basic

structural properties of the optimal value function.

PROPOSITION 6 (Properties of Optimal Value Functions under Multi-Period Charging).
For any t € ’7A', the optimal value function V;™(x.,¢}") of the multi-period charging problem is (i)
increasing in the number of fully charged batteries xo, and decreasing in the peak usage level @} ;

and (ii) jointly concave in (X, @}").
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Proposition 6(i) shows that having more fully charged batteries increases the optimal value, while
a higher peak usage level reduces it. This is consistent with the findings from the base model. Intu-
itively, a larger number of fully charged batteries improves the provider’s ability to fulfill demand
and thus improves value, whereas a higher peak usage level raises future demand charges and thus
reduces the optimal value. Proposition 6(ii) further establishes that the optimal value function is
jointly concave in (x,¢;"). This implies that when battery supply is already sufficient, the incre-
mental value of additional charged batteries declines, and similarly, the economic benefit of lowering
peak usage level becomes less pronounced once the peak usage level is already low.

Although Proposition 6 establishes the monotonicity and joint concavity of the optimal value
functions, calculating the exact optimal solution remains computationally prohibitive. Hence, we
devise a suite of heuristic policies, which leverage the structural insights identified from our base

model in Section 3.2 to reduce the computational complexity.

4.2. The Multi-Period Charging Problem without Demand Charges

In the absence of demand charges, the model defined by (11) and (12) simplifies, as it is no longer nec-
essary to track the dynamics of the peak usage level ¢)* governed by (10). This multi-period charg-
ing problem shares structural similarities with periodic-review inventory systems with lead times.
In standard backlogged inventory models, it is well-established that the optimal policy depends
solely on the aggregate inventory position (Karlin and Scarf 1958). However, this property does not
directly carry over to the BSS context for two reasons. First, unlike traditional inventory models,
where pipeline inventory incurs costs upon arrival, batteries currently in the charging process con-
sume electricity continuously. This ongoing charging load, combined with new charging decisions
and intermittent solar generation, results in a non-separable and convex charging cost. Second,
the charging quantity is naturally bounded above by the number of depleted batteries, effectively
framing the problem as a system with limited production capacity. To address these complexities,
we adapt the analytical framework of Zipkin (2008) to establish the monotonicity of the optimal
charging quantity.

PROPOSITION 7 (Optimal Multi-Period Charging Policy without Demand Charges).
When demand charges are absent, the optimal charging quantity, denoted by ¢"* (x¢), is decreasing

inx;y fori=0,1,...,L—1 and te T. Moreover, the following inequalities hold:

m# m# m#
Qe 0T 0uT (13)
aﬂfL—Lt 0xy ¢ axo,t

Proposition 7 yields two operational insights. First, the optimal charging quantity decreases with
the number of batteries at any charging stage, with a maximum reduction of one unit per additional

battery. Second, the inequalities in (13) imply that the optimal charging quantity is more sensitive
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(i.e., with greater magnitudes) to batteries at earlier charging stages (e.g., ;1) than those at
later charging stages (e.g., o). Batteries at earlier charging stages occupy charging capacity for a
longer period of time and have a greater effect on the future inventory of fully charged batteries.
Thus, they exert a larger negative effect on the current optimal charging quantity.

The optimal policy derived under this relaxed setting can serve as a heuristic policy, which we
hereafter refer to as the No-Demand-Charge Policy (Policy ND). This monotonicity property
is the key to efficiently computing Policy ND. Even without the peak usage level as a state variable,
the state vector of batteries x; remains high-dimensional. However, the bounded marginal effects in
(13) provide strict analytical bounds on how the optimal charging quantity shifts across adjacent
states. For instance, if the optimal charging quantity ¢;" # is already identified for a given state
X;, the optimal charging quantity for a neighboring state with one additional battery at stage @
is mathematically restricted: it must be either ¢"* (x,) or ¢/"* (x,) — 1. This significantly reduces

the search space and thus the computational complexity, making Policy ND a highly tractable and

scalable heuristic for the multi-period charging problem with demand charges.

Notes. We developed Policy ND as a heuristic for the setting with demand charges. However, Policy
ND is in fact optimal for BSS operations in China, where electricity prices vary over time but no

demand charges are imposed.

4.3. Heuristic Policies

In addition to the benchmark Policy ND, we consider two classes of heuristic policies for the multi-
period charging problem. The first class consists of structure-informed policies that translate the
single-period structural characterization into implementable multi-period decision rules. The second
class consists of simple benchmark policies that are intuitive and easy to implement but are not
derived from the structural properties of the optimal charging policy. We use the feasible action set

Q™(x;) and its upper bound ¢"(x;), as defined in Section 4.1, in the heuristic descriptions below.

4.3.1. Structural-Threshold Policy (Policy ST): Policy ST is a multi-period extension of
the single-period structural characterization in Theorem 1. Rather than computing the exact single-
period thresholds, the policy uses the two heuristic cutoffs for the peak usage level, Qfl and af ,
defined in Appendix B, to reproduce the three-regime shape illustrated in Figure 2(a).

When the current peak usage level is low, 0 < ¢* < QtH, the policy applies the aggressive charging
action ¢/ (x;,0), which is the charging quantity computed for the same battery-pipeline state when
the peak usage level is zero. This rule reflects the low peak usage level case in the single-period model,
where the optimal charging quantity is constant in the peak usage level. When the peak usage level is

intermediate, QtH <oy < 5:1, the policy chooses min{q;", g™ (x;)}, where §;" = (¢7" + 6, K — Y (x;))".
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This action uses the grid load already allowed by the established peak usage level while avoiding,
whenever feasible, a higher peak usage level.

When the peak usage level exceeds af , the single-period theory suggests that the optimal charging
quantity should eventually decrease and converge to the no-demand-charge benchmark ¢"* . Because
the exact decreasing path is difficult to characterize in the multi-period model, Policy ST uses the
local search procedure in Algorithm 1. The local search is motivated by the bounded inventory
sensitivity in Proposition 3: adding one fully charged or in-process battery reduces the optimal
charging quantity by at most one unit. Therefore, instead of searching over the full feasible action
set, the policy compares only two neighboring candidate actions, the action from a nearby state with
one fewer battery in the first nonempty charging stage and that action minus one. Once the action
reaches ¢"%, Policy ST keeps using ¢/"# for higher peak usage levels. The detailed implementation

is provided in Algorithm 2 in Appendix B.

Figure 2 An lllustration of Policy ST and Policy CB

(a) Policy ST (b) Policy CB
q;n q;n
economic charging economic charging
q Ir n# /_A_\\ \ q [71 # —> N
local search apply ND policy
a" (x4, 0) - 4" (x4, 0) -
aggressive charging aggressive charging
H —H 4 H —H
ét ¢, peak usage level, ¢{" Qt ¢, Dpeak usage level, ¢}"

4.3.2. Capped-Baseline Policy (Policy CB): Policy CB is a simplified version of Policy ST.
It preserves the same low- and intermediate-peak rules: it uses ¢;"(x;,0) when the peak usage level
is below Qf, and it uses min{g;", " (x;)} when the peak usage level lies between éf and gf The
simplification occurs in the high-peak region. Instead of using local search to trace the decreasing
transition suggested by the single-period policy, Policy CB directly sets the charging quantity to
the no-demand-charge benchmark ql"# once ¢ > afl . Thus, as illustrated by the dotted line in
Figure 2(b), Policy CB flattens the high-peak transition at the benchmark level. This design is
computationally simpler than Policy ST, but it uses a coarser approximation of the conservative
charging region. The detailed implementation is provided in Algorithm 3 in Appendix B.

We next introduce three simple benchmark policies. These policies provide transparent opera-

tional rules and useful comparison points in the numerical study. However, because they do not
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exploit the threshold structure, peak-sensitivity results, or bounded inventory-sensitivity results
established above, their performance is not guaranteed by the structural analysis and must be
assessed computationally.

e Full-Capacity Policy (Policy FC): This aggressive benchmark charges every feasible
depleted battery in period t. The charging quantity is therefore ¢;* = ¢ (x,). This rule is simple
and maximizes immediate charging activity, but it does not account for the consequences of
demand charges when establishing a new peak usage level.

e Peak-Filling Policy (Policy PF): This inventory-oriented benchmark attempts to raise the
total number of batteries, including both fully charged and in-process batteries, to a target
demand level. Let d,,., denote an upper demand benchmark, calibrated from historical obser-
vations of high demand or bounded by the physical service capacity of the station. The policy
sets ¢ = min{(dmax —z0s — Y(x,))" ,(j’”(xt)} . The rule is easy to implement, but it is based
on aggregate inventory coverage rather than the structural results considering demand charges.

e Demand-Matching Policy (Policy DM): This demand-charge-oriented benchmark avoids
exceeding the current peak usage level whenever possible. Define ¢ = (d)? + 0, K — Y(xt))Jr
as the charging quantity that would match the current peak usage level after accounting for
renewable generation and the existing charging pipeline. The policy sets ¢/ = min{§;", 7" (x;) }.
Although this rule controls exposure to additional demand charges, it does not capture the
aggressive, economic, and conservative transition implied by the structural results.

Finally, we consider two learning-based algorithms for settings in which the multi-period state
space becomes too large for heuristics that are based on dynamic programming to remain computa-
tionally practical. These policies learn charging decisions from simulated system trajectories while
enforcing action feasibility through the state-dependent action set Q™ (x;).

e Proximal Policy Optimization (PPO): PPO is a model-free deep reinforcement learn-
ing algorithm that learns a mapping from the system state S; to a probability distribution
over feasible charging quantities. The policy is trained using an actor-critic architecture and
a clipped surrogate objective, which stabilizes policy updates while allowing exploration of
high-dimensional state spaces (Jin et al. 2023). In our setting, PPO serves as a purely learning-
based benchmark: it uses the feasible action mask implied by ¢™(x;), but it does not use the
structural results from the single-period model.

e Structural-Threshold Proximal Policy Optimization (ST-PPO): ST-PPO is a
structure-guided variant of PPO. It augments the PPO objective with an imitation-learning
loss that encourages the learned policy to choose actions close to those suggested by Policy ST.
In this way, ST-PPO uses the threshold-based logic of the single-period problem as expert guid-
ance while retaining PPO’s flexibility to adapt to high-dimensional, multi-period dynamics.

The detailed procedure is provided in Algorithm 4 in Appendix C.
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5. A Case Study

In this section, we use a case study calibrated with battery-swapping demand observations, Dutch
electricity prices, local solar generation, and the demand charge tariff faced by a NIO battery
swapping station to evaluate the practical value of the proposed model and heuristic policies. The
case study serves three purposes. First, it quantifies the economic loss from ignoring demand charges
when making charging decisions. Second, it examines how renewable capacity and battery capacity
affect the peak usage level and profitability, thereby illustrating the dual role of the peak usage level
as both a cost state for demand charges and an implicit charging capacity state. Third, it evaluates
whether the proposed structure-informed policies provide scalable and effective decision rules in a

realistic multi-period setting.

5.1. Data and Parameter Estimation

NIO is among the most visible commercial operators of EV battery swapping. Its Power Swap
network was first deployed at scale in China and has subsequently been extended to Europe, where
battery swapping serves as a rapid refueling complement to conventional charging (NIO 2026). The
Netherlands provides a relevant empirical setting because NIO has deployed swap infrastructure
there, including the Tilburg station used as the basis for our calibration (Meadows 2022), and
because Dutch commercial electricity tariffs combine volatile wholesale energy prices with capacity-
based network charges. This setting therefore provides a realistic context in which charging decisions,
local renewable generation, and the demand charge induced by peak usage interact.

We calibrate the base setting to the NIO BSS in Tilburg, the Netherlands. The Tilburg site
anchors the geographic inputs used in the case study, including Dutch electricity prices, Dutch
demand charges, and North Brabant solar generation. To evaluate operations at a larger station
scale, we adopt the specifications of NIO’s third-generation swap station, which can accommodate
B =21 batteries; each battery is assumed to have an energy capacity of 75 kWh (Meadows 2022).
The battery degradation cost is estimated at $0.04 per kWh (Gowda et al. 2021), which gives a unit
degradation cost of § =0.04 x 75 = $3 per charging cycle.

Grid energy prices are calibrated from a Dutch dynamic electricity contract. Under the con-
tract structure offered by Vandebron, a Dutch energy supplier, the retail price combines the hourly
wholesale electricity price, a service fee, and an energy tax. We use August 2024 as the representa-
tive billing month. During this month, the average energy tax and service fee are $0.135/kWh and
$0.0615/kWh, respectively (Vandebron 2024), and the hourly wholesale prices are obtained from
Ember’s European Electricity Prices and Costs database (Ember 2025). We compute ¢, by multi-
plying the sum of the wholesale price, service fee, and energy tax by 75 kWh. The resulting hourly

charging costs over the month are shown in Figure 6 in Appendix D.
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In addition to energy usage costs, the station is subject to demand charges. We calibrate this
component using Enexis’s commercial tariff (Enexis Netbeheer 2025), under which customers with
contracted capacity above 125 kW pay a monthly demand charge of Euro 6.15 per kW. The BSS
considered in our case study falls into this customer category. Using an exchange rate of 1 EUR
= 1.10 USD, this rate is equivalent to $6.77 per kW per month. In our model, one unit of peak
usage level corresponds to one 75-kW charging bay drawing power from the grid during a period.
Thus, under the baseline parameter setting, we use the linear demand charge function D(¢) =
6.77 x 75 x ¢ =507.75¢ USD.

We next calibrate the renewable generation process. Motivated by recent PV-enabled battery
swapping projects at NIO stations (LONGi 2026), we assume that the station is connected to a
local solar microgrid. In the numerical experiments, we vary K to evaluate the operational value of
solar capacity. We estimate the stochastic process A; using hourly solar generation data for North
Brabant, the province in which Tilburg is located (Schepel et al. 2020). The data are normalized by
the maximum observed generation to obtain the hourly solar availability coefficient A;. Following
the renewable energy literature (Wu and Kapuscinski 2013, Zhou et al. 2019, Kouvelis et al. 2023),
we decompose the solar availability coefficient as A; = a +aJ" + A;, where af and a}" capture deter-
ministic intraday and intramonth patterns, respectively, and A, captures the remaining stochastic
fluctuation. We model the residual component as an AR(1) process, A; = (A;_ 1 + ¢, where ( >0
and ¢, is normally distributed white noise with mean zero and standard deviation o. Figure 3 reports
the resulting decomposition. The estimated stochastic component is well described by an AR(1)

process with autoregressive coefficient ( =0.80 and standard deviation o =0.06.

Figure 3  Estimation of Solar Energy Generation Coefficient (August 2024)
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As of March 2025, NIO charges Euro 0.29/kWh for battery swaps at its stations in the Netherlands
(Afonso 2025). Assuming a 75-kWh battery pack and an exchange rate of 1.1 USD/EUR, we set the
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revenue per swap to p=0.29 x 1.1 x 75 &~ $24. If demand in a period exceeds the available inventory
of fully charged batteries, the station incurs a waiting cost for each unmet swap. Following Knoope
(2023), who reports an average value of travel time of Euro 10.42 per hour per person for car users
in the Netherlands, we set the waiting cost s to be $11.5 per hour.

Finally, we calibrate the swapping demand process. Direct demand data for NIO’s Tilburg swap
station are not publicly available. To obtain a realistic intraday and day-of-week demand profile,
we therefore use observed demand data from NIO swap stations in Shanghai, China, where battery
swapping is more mature. We model arrivals as a time-dependent Poisson process. For each hour of
the week, we estimate the average swap demand from the observed data and use this hourly average
as the arrival rate for that hour. Figure 4 reports the estimated arrival rates.

Figure 4 Hourly Swapping Demand to Our Study Swap Station by Time of Day and Day of the Week
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5.2. Value of Incorporating Demand Charges into Charging Decisions
We first isolate the operational value of incorporating demand charges into charging decisions. This
experiment uses the empirical calibration from Section 5.1 and the single-period charging model
from Section 3. We compare the optimal charging policy in Theorem 1, which considers demand
charges, with Policy ND obtained from Proposition 4 by optimizing charging decisions as if demand
charges were absent and is then evaluated under the actual model with demand charges. This design
measures the economic loss from treating demand charges as an ex post billing item rather than as
an operational state that should guide charging decisions.

Table 1 shows that demand charge awareness has substantial and heterogeneous operational value
across station designs. The losses are generally small when the two policies have little room to
differ, as in the smallest station with B =5 and low solar capacity. Once the station has more

operational flexibility, however, ignoring demand charges can be costly. Under the calibrated tariff
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Table 1 Percentage Profit Loss from Ignoring Demand Charges across Station and Solar Capacity Levels

B=5 B=13
Solar Capacity K 0 5 10 15 20 0 5 10 15 20
D(¢) =200¢ 0.00 0.00  0.02 1.08 0.98 7.84 1.90 1.18 1.16 1.15
D(¢) =400¢ 0.00 0.00 0.32 19.01 5.71 25.22 4.83 3.06 2.86 2.82
D(¢) =507.75¢ 0.00 0.00 0.95 76.30 10.18 39.54 6.85 4.12 3.89 3.85
D(¢) = 600¢ 0.00 0.00 1.84 761.15 15.52 57.18 8.66 5.08 4.86 4.80
D(¢) =800¢ 0.00 0.00 393 66.32 31.77 128.98  12.86 756 7.05 6.90

B=21 B =28
Solar Capacity K 0 5 10 15 20 0 5 10 15 20
D(¢) =200¢ 17.69 570  2.30 1.63 1.34 22.49 7.56 391 1.88 1.24
D(¢) =400¢ 44.01 1278  5.11 3.75 3.13 55.76  17.14 837 4.16 2.87
D(¢) =507.75¢ 62.19 17.07 6.81 4.94 4.15 77.90 22.81 10.84 5.44 3.79
D(¢) = 600¢ 80.23  20.87  8.28 5.97 5.04 99.76  27.86 13.07 6.55 4.59
D(¢) =800¢ 130.18  29.50 11.53 8.24 7.02 158.11 39.31 18.01 898 6.33

Notes. Each entry reports 100 x (V — VNP)/|V|, where V is the expected profit under the optimal charging
policy and VNP is the expected profit under the policy that ignores demand charges (Policy ND). The initial
conditions are o = 0 and ¢o = 0. The values of B correspond to the capacity of NIO’s first-generation BSS (5
packs), second-generation BSS (13 packs), third-generation BSS (21 packs), and fifth-generation BSS (27-28
packs). The fourth-generation BSS has 23 packs and is not included in the numerical experiments. Shaded

entries indicate configurations in which V' <0, so that the percentage loss is less meaningful.

D(¢) =507.75¢ and K = 0, the loss is 39.54% for B =13, 62.19% for B = 21, and 77.90% for
B = 28. These losses fall sharply as solar capacity increases: at K = 20, the corresponding losses
decline to 3.85%, 4.15%, and 3.79%, respectively. Thus, solar capacity mitigates the profit loss from
ignoring demand charges by reducing the need to rely on grid charging. The table also shows that
the loss becomes more significant as the demand charge rate increases. For example, when B =21
and K =0, the loss rises from 17.69% under D(¢)=200¢ to 130.18% under D(¢) = 800¢.

The operational mechanism behind these patterns aligns with the structural insights in Section
3.2. A policy that neglects demand charges treats peak usage as a passive accounting metric, leading
the station to exploit low electricity prices whenever inventory capacity allows. In contrast, the
optimal policy recognizes that current grid usage determines both immediate charging costs and
future marginal demand charge exposure. These dynamics show that demand charges must be
explicitly modeled in practical operations, particularly when solar generation is limited, station
capacity offers high operational flexibility, or the demand charge tariff is high.

We next examine how the value of demand-charge-aware control varies with solar panel capacity
and battery capacity. Figure 5 reports the profit loss from ignoring demand charges and the resulting
peak usage levels under these capacity variations. Panels (a) and (b) show that solar panel capacity

reduces the operational importance of demand charges. As K increases, the profit loss from ignoring
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demand charges declines, and the realized peak usage level also falls. Additional solar generation
allows the station to charge more batteries without drawing from the grid, thereby directly reducing
the need to establish high peak usage levels. This pattern is consistent with the renewable-first
property: when renewable energy is available, the station can increase the inventory of fully charged
batteries without increasing the peak usage level.

Panels (c) and (d) isolate the effect of station capacity while fixing K = 10. Panel (c) reports the
absolute profit loss from ignoring demand charges, measured in thousand USD. The loss generally
increases with B and with the demand charge rate. Panel (d) reports the resulting peak usage
levels under the optimal charging policy that considers demand charges. The relationship between
B and the peak usage level is non-monotone. As station capacity increases from a small level, the
optimal charging policy may allow a higher peak usage level because the established peak creates
charging headroom that can be reused later in the billing cycle. For larger values of B, however, the
station has enough inventory flexibility to smooth charging more effectively, and the optimal peak
usage level declines or stabilizes. Higher demand charge rates also lead to lower peak usage levels,

reflecting the stronger incentive to avoid incurring costly peak usage from the grid.

5.3. Performance of Heuristic Policies

We next evaluate the heuristic policies proposed in Sections 4.2 and 4.3. The case study uses the
demand charge function D(¢) = 507.75¢, which is calibrated to the Tilburg station. The solar
capacity parameter is set to K = 10. Recall that K is measured by the number of batteries that
can be fully charged by solar energy over one hour. When L > 1, A;K should be interpreted as the
number of active charging batteries whose energy consumption can be covered by solar generation
during a decision period, rather than the number of batteries that can be fully charged within that
period. Since each NIO battery has a capacity of 75 kWh (Meadows 2022), this corresponds to an
installed solar capacity of 10 x 75 =750 kW. PV-enabled NIO swap stations utilize commercial PV
modules with a conversion efficiency of 24.3% (LONGi 2026). Under this specification, a 750 kW
system requires approximately 3,086 m? of module surface area before accounting for spacing and
site-specific installation constraints. Such capacity can be achieved through rooftop installations
and adjacent parking-canopy PV deployment.

We first report exact dynamic programming benchmarks for L =1 and L =2, where the optimal
policy can be computed exactly. We measure each heuristic by its optimality gap relative to the
exact optimal policy, evaluated from the same initial state. Table 2 reports the expected profit,
optimality gap, and runtime for both settings.

Table 2 shows that solving the dynamic programming remains feasible for L =1 and L = 2,

although the computation time rises sharply from 2.6 minutes to 49.4 minutes. Against this exact



27

Figure 5 Impact of Demand Charges under Varying Solar Panel and Battery Capacity
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benchmark, the structure-informed policies perform especially well. Policy ST nearly replicates the
optimal policy, with optimality gaps below 0.5% in both settings, while Policy CB remains within
about 1%-2% of the optimal policy. In contrast, the simple benchmark policies perform substantially
worse, especially when L = 2, with gaps of roughly 20%-31%. The learning-based policies also
perform reasonably well relative to the simple benchmarks, but they require substantially longer
runtimes than Policy ST and Policy CB. ST-PPO reduces the PPO optimality gap from 6.77% to
2.72% for L =1 and from 6.58% to 2.61% for L = 2. Thus, when exact dynamic programming remains
feasible, the structure-informed dynamic programming heuristics provide the best combination of
accuracy and speed.

When the decision period is shortened further, exact dynamic programming is no longer com-

putationally practical. For L =4 and L = 6, corresponding to 15-minute and 10-minute decision
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Table 2 Performance of Heuristic Policies at L =1 and L =2

L=1 L=2
Expected Optimality Runtime Expected Optimality Runtime
Policy Profit ($) Gap (%) (min) Profit (3) Gap (%) (min)
Optimal Policy 51,753 - 2.6 53,489 - 49.4
Policy ST 51,745 0.02 0.3 53,237 0.47 4.5
Policy CB 50,928 1.59 0.2 52,940 1.03 42
Policy ND 48,035 7.18 0.1 48,739 8.88 4.1
Policy FC 39,901 22.90 0.0 40,003 25.21 0.0
Policy PF 38,165 26.25 0.0 37,018 30.79 0.0
Policy DM -101,004 295.17 0.0 43,055 19.51 0.0
PPO 48,247 6.77 6.6 49,970 6.58 16.5
ST-PPO 50,347 2.72 7.8 52,095 2.61 24.2

Notes. L =1 corresponds to a one-hour decision period, and L = 2 corresponds to a 30-minute decision

period. The initial state is ¢o =0 and B fully charged batteries.

periods, respectively, the state space becomes too large to compute the optimal policy. The structure-
informed dynamic programming heuristics, Policy ST and Policy CB, also become impractical
because their implementation requires solving and storing increasingly large dynamic programming
tables. Therefore, Table 3 compares PPO and ST-PPO with the simple benchmark policies, rather

than the optimal policy which is unavailable.

Table 3 Performance of Learning-Based Policies PPO and ST-PPO at L=4and L =6

Expected Improvement Improvement Improvement Runtime
L Policy Profit ($) over FC (%) over PF (%) over DM (%) (min)
Policy FC 41,356 - - -
Policy PF 38,589 - - -
L=4 Policy DM 43,428 - - - -
PPO 52,119 26.07 35.11 20.03 32.6
ST-PPO 53,163 28.59 37.82 22.44 37.1
Policy FC 41,717 - - -
Policy PF 39,906 - - -
L=6 Policy DM 43,068 - - - -
PPO 52,834 26.68 32.43 22.69 101.0
ST-PPO 53,163 27.47 33.26 23.45 105.5

Notes. L =4 and L =6 correspond to 15-minute and 10-minute decision periods, respectively. Percentage
improvements are computed relative to the expected profit of the corresponding benchmark policy within

the same L setting. Runtime is reported for the learning-based policies.

The results in Table 3 show that both learning-based policies substantially outperform the simple
benchmark policies when exact dynamic programming is no longer tractable. Across the two large-
state settings, PPO improves expected profit by roughly 20%—-35% relative to the simple benchmark
policies, while ST-PPO raises these gains to roughly 22%-38%. The incremental value of structural
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guidance is positive but more moderate: ST-PPO improves expected profit over PPO by about 2.0%
for L =4 and 0.6% for L =6, with only a small increase in runtime. Taken together, these results
suggest that when L =1 or L =2, both exact dynamic programming and the structure-informed
heuristics remain feasible, with Policy ST and Policy CB offering high accuracy at modest runtime.
When the decision period becomes finer and dynamic-programming-based policies are no longer
tractable, learning-based policies provide scalable alternatives, and structural imitation through

ST-PPO yields consistent additional gains over PPO.

6. Conclusion

Battery swapping stations offer a promising solution for reducing EV refueling time, but their
economic performance depends critically on how charging decisions are coordinated with renewable
generation, stochastic swapping demand, and electricity tariffs. This paper studies the optimal
charging problem for a renewable-integrated battery swapping station under demand charges. We
formulate the problem as a finite-horizon dynamic program in which charging decisions affect not
only current energy, degradation, and waiting costs, but also the peak usage level that determines
the demand charge at the end of the billing cycle.

Our analysis shows that demand charges fundamentally change the structure of optimal charging
policy. In the single-period charging model, we establish a renewable-first property and characterize
a two-threshold policy structure that divides the state space into aggressive, economic, and con-
servative charging regimes. The economic mechanism behind this non-monotone structure is the
dual role of the peak usage level ¢;: it is both a cost determinant and an implicit charging capacity
state. When ¢, is low, increasing the peak usage level can be optimal because it creates additional
charging headroom for the remainder of the billing cycle. When ¢, is intermediate, the station uses
the existing peak usage level as fully as possible without increasing it. When ¢, is sufficiently high,
the station already has enough charging headroom, so it becomes optimal to defer some charging
and preserve depleted batteries for future periods with renewable generation or lower grid energy
costs. This mechanism explains why the optimal charging quantity can be non-monotone in the
peak usage level and, in some states, can exceed the corresponding no-demand-charge benchmark.

We then extend the analysis to a multi-period charging setting in which batteries require multiple
decision periods to become fully charged. The resulting state space is high dimensional, making
an exact structural characterization difficult. Nevertheless, the single-period structural results pro-
vide useful guidance for scalable decision rules. We develop structure-informed heuristic policies
that translate the threshold logic of the single-period problem into the multi-period setting, and

we further incorporate this structural guidance into a reinforcement-learning algorithm through
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Structural-Threshold Proximal Policy Optimization. The numerical results show that the structure-
informed policies achieve strong performance when L =1 and L = 2, while the learning-based algo-
rithms become valuable when finer decision periods make dynamic-programming-based methods
computationally challenging.

The case study illustrates the operational value of modeling demand charges explicitly. Policies
that ignore demand charges can establish unnecessarily high peak usage levels and suffer sizable
profit losses. Renewable capacity mitigates demand-charge exposure by reducing reliance on grid
charging, while station capacity has a more nuanced effect: additional batteries initially improve
flexibility, but excessive capacity can also encourage aggressive charging if peak usage level is not
managed carefully. These findings suggest that battery swapping operators should treat the peak
usage level as an operational state variable rather than a passive billing outcome. Effective BSS
operations require joint management of battery inventory, renewable generation, grid energy costs,
and demand-charge exposure.

Several extensions remain promising for future research. One direction is to study networks of
battery swapping stations under demand charges, in which battery inventory, customer demand, and
charging capacity can be coordinated across locations. Another is to incorporate richer battery-level
characteristics, such as heterogeneous states of charge, degradation histories, and battery health
constraints. It would also be valuable to examine tariff designs with coincident peak charges, real-
time demand charges, or demand-response incentives. These extensions would further clarify how
battery swapping infrastructure can support both reliable EV service and efficient operations of

electricity system.
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