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Abstract

Battery thermal management affects electric-vehicle (EV) battery service life,
replacement frequency, lifecycle cost, and the timing of battery entry into
end-of-life (EOL) management systems. This study develops a deterministic
scenario-based framework for tropical logistics operation by linking prescribed
battery-temperature trajectories, state-of-health (SoH) decline, replacement
events, and an eight-year total cost of ownership (TCO) model. Passive air cool-
ing, reactive liquid cooling, and predictive pre-cooling are compared under a
28-38 °C tropical peak-day profile. The respective peak battery temperatures
are 51.07, 33.41, and 31.00 °C, while first-pack 80%-SoH crossing times are 3.43,
5.87, and 10.14 years. Over eight years, the three strategies produce two, one,
and zero battery-replacement events, respectively. The resulting TCO values are
USD 77,700, USD 72,500, and USD 62,000 per vehicle, giving predictive pre-
cooling a 20.21% saving relative to passive air cooling. Predictive pre-cooling
also defers two traction-battery EOL entries per vehicle beyond the study hori-
zon. The results indicate that improved thermal management can extend battery
service life, reduce replacement-related cost, and slow battery material turnover,
although the numerical results remain scenario-based and require experimental
validation.

Keywords: battery thermal management, battery service life, end-of-life battery,
total cost of ownership, tropical logistics

1 Introduction

The rapid growth of electric mobility is increasing not only the demand for lithium-
ion batteries but also the future volume of traction batteries entering end-of-life
management systems. Electric-vehicle (EV) batteries contain energy- and resource-
intensive materials, and premature retirement increases the demand for replacement
packs while accelerating the flow of spent batteries toward reuse, repurposing, dis-
assembly, and recycling pathways. From a material-cycle perspective, extending the
useful service life of an EV battery is therefore an upstream resource-efficiency and
waste-prevention strategy that complements downstream recycling. Waste-prevention
research has long emphasized reduction and reuse as high-priority measures in sus-
tainable resource management, while end-of-life vehicle studies have highlighted the
need to integrate operational, economic, and material-flow considerations throughout
the vehicle life cycle [1, 2]. Recent work on EV battery recycling similarly shows that
battery lifetime, second-life utilization, disassembly, and material recovery are closely
linked elements of a circular battery system [3, 4].

Among the operational factors that determine battery service life, temperature is
particularly important. Lithium-ion battery performance, safety, efficiency, and degra-
dation rate are strongly influenced by both the magnitude and duration of thermal
exposure. Classical electrochemical energy-balance formulations identify irreversible
ohmic and reaction heat together with reversible entropic heat as the principal mech-
anisms governing battery heat generation [5]. At the vehicle level, battery thermal



management systems (BTMSs) are therefore required to maintain battery tempera-
ture within an acceptable operating range, limit excessive temperature gradients, and
reduce thermal stress. Available BTMS technologies include air cooling, liquid cooling,
phase-change materials, direct refrigerant cooling, thermoelectric systems, and hybrid
configurations [6-11]. No single architecture is universally superior because improved
thermal control is normally obtained at the expense of additional hardware, auxiliary
power, mass, control complexity, and maintenance requirements.

This trade-off becomes particularly important under tropical operating conditions.
Elevated ambient temperature reduces the available temperature difference for pas-
sive heat rejection and can increase both the duration and severity of battery thermal
exposure. Long-term ageing studies have shown that temperature interacts with state
of charge, cycling history, and current rate to accelerate capacity fade and internal-
resistance growth [12, 13]. Vehicle-level studies under realistic operating profiles further
indicate that climatic conditions and driving schedules can materially change bat-
tery ageing and thermal-management demand [14, 15]. Elevated ambient temperature
can also increase vehicle-level energy demand and reduce driving range because a
larger fraction of the available energy must be allocated to thermal conditioning and
associated auxiliary loads [16]. Recent evidence from tropical and high-temperature
operating environments reinforces this concern, showing that hot ambient conditions
can expose EV batteries to substantially higher thermal stress and can increase degra-
dation risk, particularly when combined with intensive charging and vehicle utilization
[17, 18]. For commercial logistics fleets, where vehicles may follow repeated daily routes
with high utilization and limited recovery periods, these effects can accumulate over
several years of operation.

Conventional thermal-control strategies generally respond after battery temper-
ature approaches a predefined threshold. Predictive approaches instead use infor-
mation about expected driving demand, charging events, ambient conditions, or
future thermal states to initiate cooling before critical conditions occur. Nonlinear
model-predictive control and integrated vehicle thermal-management studies have
demonstrated the potential to coordinate battery temperature and auxiliary-energy
consumption more effectively than purely reactive control [19, 20]. More recent work
has incorporated vehicle-speed information, battery degradation objectives, and coor-
dinated driving—charging conditions into predictive thermal-management formulations
[21-23]. From a battery-life perspective, the potential benefit of predictive control is
not limited to reducing instantaneous peak temperature; reducing cumulative thermal
exposure can also delay degradation and, consequently, postpone the point at which
a traction battery reaches its end-of-life criterion.

The material-cycle implication of such life extension is important. Most circular-
economy research on EV batteries has understandably concentrated on downstream
stages, including collection, second-life use, disassembly, recycling technology, material
recovery, and recycling-system efficiency [3, 4]. These processes are essential because
spent batteries contain valuable materials that should remain within productive mate-
rial cycles rather than be lost as unmanaged waste. However, the timing at which
batteries enter these downstream systems is itself influenced by decisions made dur-
ing the use phase. A thermal-management strategy that extends traction-battery



service life can reduce the frequency of replacement over a fixed vehicle operating
horizon and thereby defer the generation of end-of-life battery packs. This does not
eliminate the eventual need for reuse or recycling, but it can improve resource produc-
tivity by extracting a longer useful service period from the same battery asset before
downstream treatment becomes necessary.

The economic consequences of this relationship are equally important. Advanced
BTMS architectures generally require higher initial investment and may consume more
auxiliary energy than passive cooling systems. These additional costs must be balanced
against potential reductions in degradation, battery replacement, maintenance, and
vehicle downtime. Techno-economic reviews of EV thermal-management technologies
have emphasized that thermal performance alone is insufficient for selecting a preferred
BTMS because lifecycle cost depends on the interaction between capital expenditure,
operating energy, component durability, and battery lifetime [24]. Degradation-aware
economic studies have likewise demonstrated the value of incorporating battery ageing
into operational decision making [25]. In Thailand and similar emerging EV markets,
total-cost-of-ownership analyses further show that energy prices, maintenance costs,
battery-related expenditure, utilization intensity, and local operating conditions can
substantially affect EV economics [26]. For high-mileage logistics fleets, avoided or
deferred battery replacement can therefore represent both an economic benefit and an
upstream material-efficiency benefit.

Despite these advances, an important gap remains between battery thermal-
management studies and material-cycle decision support. High-fidelity electrothermal
and control studies typically focus on temperature regulation, energy consumption, or
degradation minimization, whereas end-of-life battery studies generally begin after the
battery has already reached retirement. Comparatively little attention has been given
to transparent use-phase screening frameworks that trace how alternative thermal-
management strategies may propagate from daily thermal exposure to long-term
state-of-health (SoH), battery-replacement timing, ownership cost, and the timing of
end-of-life battery generation. This gap is particularly relevant for tropical logistics
applications, where repeated high-temperature operation may accelerate the transi-
tion from useful battery service to replacement and downstream waste-management
stages.

The present study addresses this gap through a deterministic scenario-based
assessment of three EV battery thermal-management strategies—passive air cooling,
reactive liquid cooling, and predictive pre-cooling—under a common tropical logistics
operating framework. The objective is not to reproduce cell-level electrochemistry or to
claim a trained machine-learning controller. Instead, the study provides a transparent
screening model in which prescribed thermal trajectories are propagated through bat-
tery SoH, replacement timing, and eight-year total cost of ownership (TCO). The work
makes four main contributions. First, it quantifies the thermal exposure associated
with three contrasting BTMS strategies under a tropical peak-day condition. Second, it
links these thermal scenarios to long-term SoH decline and identifies when the assumed
80% end-of-life threshold is reached. Third, it connects battery-replacement timing
with capital cost, auxiliary-energy use, maintenance, downtime, and cumulative TCO
in a consistent lifecycle-economic framework. Finally, it interprets avoided or deferred



battery replacement as an upstream indicator of battery-life extension and delayed
entry into the end-of-life management chain, thereby connecting operational ther-
mal management with broader material-cycle and waste-prevention considerations.
Sensitivity analyses for ambient temperature, electricity tariff, pre-cooling duration,
and fleet size are additionally used to identify the operating conditions under which
proactive thermal management provides the greatest lifecycle benefit.

2 Methodology

2.1 Study Framework, System Boundary, and
Thermal-Management Strategies

This study develops a deterministic scenario-based framework for evaluating how alter-
native electric-vehicle battery thermal-management strategies may influence thermal
exposure, battery service life, replacement frequency, end-of-life (EOL) entry, and
lifecycle ownership cost under tropical logistics operation. The analytical chain is
structured as

BTMS strategy — Ts(h) — SoH;(y) = yroL,s = Nrep,s = C1co,s, (1)

where s denotes the thermal-management strategy, Ts(h) is the prescribed daily
battery-temperature trajectory, SoH(y) is the corresponding long-term state-of-
health trajectory, ygor,s is the first EOL threshold-crossing time, Nyep s is the number
of battery-replacement events during the ownership horizon, and Crco s is the result-
ing total cost of ownership. The overall analytical framework is illustrated in Fig. 1.
The framework separates the thermal, degradation, material-cycle, and economic lay-
ers while preserving the information flow among them. The selected BTMS strategy
defines the prescribed thermal exposure, which is associated with a strategy-specific
degradation trajectory and traction-battery end-of-life timing. The resulting replace-
ment events subsequently affect both the number of battery packs entering the
end-of-life management chain and the cumulative ownership cost. This structure allows
the consequences of thermal-management decisions to be interpreted from operational,
economic, and resource-efficiency perspectives.

The overall analytical framework is illustrated in Fig. 1. The framework explicitly
separates the thermal, degradation, material-cycle, and economic layers while preserv-
ing the information flow between them. Thermal-management strategy determines the
prescribed thermal exposure; the paired degradation model determines battery service
life and traction end-of-life timing; replacement events then affect both the number
of battery packs entering the end-of-life management chain and the cumulative own-
ership cost. This structure enables thermal-management decisions to be interpreted
simultaneously from operational, economic, and resource-efficiency perspectives.

The system boundary extends from vehicle operation through traction-battery
retirement. Downstream second-life processing, disassembly, hydrometallurgical or
pyrometallurgical recycling, and recovered-material yields are not explicitly simu-
lated. Instead, the number and timing of battery packs reaching the assumed traction
EOL criterion are used as upstream material-cycle indicators. This interpretation is
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Fig. 1 Proposed scenario-based framework linking BTMS strategy, battery degradation, end-of-life
timing, and lifecycle cost.

consistent with the principle that extending product service life can delay material
throughput and complement downstream recovery and recycling activities [1, 3, 4].
Three BTMS strategies are compared over an eight-year ownership horizon: pas-
sive air cooling, reactive liquid cooling, and predictive pre-cooling. All strategies
are evaluated using the same tropical ambient-temperature profile, traction-energy
requirement, economic horizon, and vehicle utilization assumptions. Consequently,



differences among cases arise from the prescribed thermal behavior, BTMS auxiliary-
energy demand, degradation trajectory, replacement requirement, maintenance bur-
den, downtime, and initial thermal-management investment.

The framework is intentionally formulated as an engineering screening model
rather than a high-fidelity battery simulation. The temperature trajectories are
analytical surrogate functions chosen to represent qualitatively distinct thermal-
management behaviors. They are not outputs of a cell-resolved electrochemical model,
computational-fluid-dynamics calculation, experimentally calibrated reduced-order
thermal model, or trained machine-learning predictor. The resulting numerical values
should therefore be interpreted as internally consistent comparative scenario outputs
rather than experimentally validated predictions.

2.2 Tropical Ambient and Battery-Temperature Scenarios

The tropical peak-day ambient-temperature profile is represented as

Tty (h) = clip {28 4 10sin (W) .28, 38} , (2)

where h denotes the hour of day. The clipping operator imposes a nighttime lower
bound of 28 °C and a daytime maximum of 38 °C, thereby providing a simplified
high-temperature operating environment representative of the screening conditions
considered in this study.

The passive-air case is described by

Toass(h) = Tamp(h) + 8 + 6 exp [—(’1‘14)2} :

- (3)
The constant 8 °C temperature rise represents persistent battery-to-ambient ther-
mal elevation under limited heat rejection, while the Gaussian component represents
an additional afternoon thermal load centered around 14:00. The formulation inten-
tionally produces the most thermally stressed condition among the three strategies.
For reactive liquid cooling, the battery-temperature trajectory is represented using
a bounded logistic response,

Treact(h) =304+ 40(h — 11)0(16 — h), (4)
with

1
The two logistic terms form a smooth daytime activation window. The resulting
trajectory represents a controller that reacts to increasing thermal load and maintains
the battery within a substantially narrower temperature band than passive cooling.
The predictive pre-cooling case is expressed as

(6)

h h—11.5)2
Tprea(h) = 29.5 + 1.5sin <71T?) —1.2exp {—(5)}

0.5
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Fig. 2 Prescribed tropical peak-day ambient and battery-temperature trajectories for the three
BTMS strategies. The 35 °C line is used as an engineering reference rather than a hard operating
constraint.

The final negative Gaussian term represents cooling initiated before the expected
high-load period. Accordingly, the trajectory is interpreted as a predictive pre-cooling
scenario rather than a machine-learning prediction. No trained learning model is used
or claimed in the present study.

The analytical forms in Egs. (2)—(6) are deliberately retained in explicit form so
that the source of each thermal feature can be traced. This transparency is important
because the objective of the study is comparative lifecycle screening rather than recon-
struction of detailed electrochemical heat generation. Physically based battery energy
balances provide the underlying motivation for thermal management, since irreversible
and reversible heat-generation processes ultimately determine cell temperature [5];
however, those processes are not individually resolved in the present surrogate model.

Three common thermal indicators are calculated for each strategy:

Tocalcis = max Ts(h), (7)
o I 24
T,=— | T
o= 9 ), Tsdh, (®)
24
Hszs s = / I[Ts(h) > 35] dh, (9)
0

where I[-] is an indicator function. These metrics distinguish peak thermal severity,
average daily exposure, and exposure duration above the 35 °C engineering reference.



2.3 Battery Degradation, Service Life, and End-of-Life Entry

Battery degradation is represented using a strategy-specific exponential screening
relationship,

SOHS (y) =100 eXp(_ksy)a (10)

where y is the battery operating age in years and k, is the assumed degradation
coefficient. The coefficients used in the three scenarios are

Epass = 0.065, Ereact = 0.038, Eprea = 0.022  yr—t. (11)

The corresponding one-year SoH retention factors are 0.9371, 0.9627, and 0.9782,
respectively. These values represent paired scenario assumptions rather than coeffi-
cients directly fitted to Eqgs. (3)—(6). This distinction prevents an unsupported claim
of direct temperature-to-degradation causality. Temperature, state of charge, cycling
history, current rate, and calendar time are known to interact in lithium-ion battery
degradation [12-15]; a calibrated multi-stressor degradation law is therefore identified
as a necessary extension for future work.

An 80% SoH threshold is adopted as the traction-battery EOL reference. The
continuous time required for a battery under strategy s to reach this level follows
directly from Eq. (10):

YEOL,s = *L(Z.SO)- (12)

S
The corresponding first threshold-crossing times are 3.43 years for passive air
cooling, 5.87 years for reactive liquid cooling, and 10.14 years for predictive pre-cooling.
To express the service-life benefit relative to the passive baseline, the EOL deferral

is defined as

AyEOL,s = YEOL,s — YEOL,pass- (13)
This metric quantifies how long entry of a representative traction battery into
the EOL management chain is deferred relative to passive air cooling. It should not
be interpreted as avoided recycling; the battery ultimately still requires appropriate
second-life assessment or recycling after retirement.
For annual economic accounting, a battery that falls below the 80% threshold is
replaced at the next annual accounting point and the replacement battery is reset to
100% SoH. Let

H
NeoL.s(H) = T[SoH, ; < 80%] (14)
j=1
denote the number of traction-battery retirement events within an ownership
horizon H, with the SoH clock reset following each replacement.
Under the eight-year accounting horizon used here, this produces two replacement
events for passive air cooling, occurring in years 4 and 8; one event for reactive liquid
cooling, occurring in year 6; and no replacement event for predictive pre-cooling.
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Fig. 3 Representative first-pack state-of-health trajectories used to determine service-life intervals.
The 80% line indicates the assumed traction-battery end-of-life threshold. Replacement batteries are
reset to 100% SoH in the annual ownership-cost accounting.

The avoided or deferred EOL-pack entries relative to the passive baseline are
therefore represented by

AEOL,S(H) = NEOL,paSS(H) - NEOL,S(H)' (15)

Equation (15) is an event-count indicator rather than a mass-based waste metric.

Because battery mass, chemistry-specific material composition, second-life suitability,

recycling yield, and recovered-material quality are outside the system boundary, the

present study does not claim a quantitative reduction in waste mass or environmental
impact.

2.4 Total Cost of Ownership and Replacement Accounting

The economic assessment follows a total-cost-of-ownership framework in which
thermal-management investment is evaluated together with traction energy, BTMS
auxiliary energy, battery replacement, downtime, and maintenance. Such lifecycle
accounting is particularly relevant when a higher-cost thermal-management system
may reduce degradation-related expenditure over the ownership period [24-26].

For strategy s, the eight-year TCO is

CTCO,S = Ccap,s + Ctrac,s + CBTMS,S + C(rep,s + Cdown,s + Cmaint,sa (16>

where Cg,p is the initial BTMS and associated hardware cost, Ciac is traction-

energy expenditure, Cprys is auxiliary thermal-management energy expenditure,

Crep 1s battery-replacement expenditure, Cyown represents thermal- and maintenance-
related vehicle downtime, and Ciyaint is the remaining maintenance cost.
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Table 1 Eight-year cost and replacement inputs per vehicle used in the scenario

model.

Component Passive air Reactive liquid Predictive pre-cooling
Capital hardware (USD) 12,000 15,500 17,200
Traction energy (USD) 38,000 38,000 38,000
BTMS parasitic energy (USD) 1,200 4,100 3,200
Replacement events 2 1 0
Battery replacement (USD) 18,000 9,000 0
Downtime losses (USD) 6,500 2,400 800
Maintenance (USD) 2,000 3,500 2,800
Total TCO (USD) 77,700 72,500 62,000

A common battery-replacement event cost of USD 9,000 is used in the scenario
model. Consequently,

Crep,s = 9000 Ngor,s(8). (17)

The resulting replacement expenditures are USD 18,000 for passive air cooling,
USD 9,000 for reactive liquid cooling, and zero for predictive pre-cooling during the
eight-year horizon. This event-based formulation makes the degradation, material-
cycle, and economic layers internally consistent.

The absolute cost saving relative to passive air cooling is

ACS = CTCO,pass - CTCO,S7 (18>
and the percentage saving is
AC
Sy =100—"—. (19)
CTCO,pass

A positive Sy therefore indicates that the alternative BTMS reduces eight-year
ownership cost relative to passive air cooling.

For cumulative-cost analysis, traction energy, BTMS energy, downtime, and main-
tenance are distributed uniformly across the eight-year horizon, whereas battery
replacement is treated as a discrete event. The cumulative cost at the end of year y is

Y
Ccum,s(y) = Ccap,s + % (Ctrac,s + CBTMS,S + Cdown,s + Cmaint,s) + Z Crep,s (]) (20)

J=1

For passive air cooling, replacement charges of USD 9,000 are introduced in years 4
and 8. For reactive liquid cooling, one USD 9,000 charge is introduced in year 6. No
replacement charge is incurred by the predictive strategy within the eight-year horizon.

For comparison between passive air cooling and predictive pre-cooling,

D(y) = Ccum,pass (y) - C’cum,pred (y) (21)

11



Before the first passive-battery replacement, the predictive strategy retains a higher
cumulative cost because of its greater initial hardware expenditure. At year 3,

D(3) = —4112.5 USD, (22)
whereas after the first USD 9,000 replacement event,

D(4) = 5250 USD. (23)
Linear interpolation between the annual accounting points gives an indicative
crossover of approximately

4112.5 N
YBE = 3+ m ~ 3.44 years. (24)
Because battery replacement is modeled as a discrete event, this value is best
interpreted as an indicative graphical break-even rather than as a continuously accru-
ing discounted payback period. In operational terms, the economic transition occurs

during the first passive-battery replacement interval.

2.5 Sensitivity Analysis

The sensitivity analysis examines whether the comparative conclusions remain direc-
tionally stable when selected environmental and economic variables are changed. These
relationships are screening functions and are not intended as empirically calibrated
regressions.

The ambient-temperature sensitivity is represented by

Cpass(Tw) = 5000 + 350(T, — 28)*5, (25)
Cored(Th) = 6200 + 80(T,, — 28), (26)

for
28 < T, < 42 °C. (27)

The nonlinear passive relationship represents increasing economic exposure as
thermal conditions become more severe, whereas the smaller predictive coefficient
represents a strategy that is less sensitive to increasing ambient temperature. The
numerical coefficients are scenario assumptions and should therefore be interpreted
comparatively rather than as fitted fleet-cost parameters.

Electricity-tariff sensitivity is evaluated by scaling energy-related expenditure from
the reference tariff of USD 0.12/kWh:

Cenergy,s(p) = (Ctrac,s + CVBTMS,S) %v (28)

where p is the alternative electricity tariff. The calculation changes energy price
only; electrical consumption, degradation coefficients, and replacement timing remain
unchanged.

12



2.6 Predictive Pre-Cooling Screening

The influence of pre-cooling duration is represented using the first-order saturating
relation

AThear (1) = 8.5 (1 - 6_7—/15> , (29)

where 7 is the pre-cooling duration in minutes. The corresponding marginal
temperature benefit is

dATpeak _ ge—r/w
dr 15 '

Equation (30) decreases monotonically with 7, explicitly representing diminish-
ing thermal returns from increasingly long pre-cooling periods. This relationship is
used only to explore the qualitative trade-off between intervention duration and
peak-temperature mitigation; it is not presented as an experimentally identified

cooling-system transfer function.

(30)

2.7 Fleet-Scale Economic and Material-Cycle Indicators

For a fleet containing N nominally identical vehicles, cumulative ownership-cost
savings relative to passive cooling are

Cﬂeet,sav,s(N) =N (CTCO,pass - CVTCO,S) . (31)
For predictive pre-cooling, the present scenario gives a per-vehicle eight-year saving
of

77,700 — 62,000 = 15,700 USD. (32)

The corresponding number of battery packs whose entry into the EOL management
chain is deferred relative to the passive baseline is

Ndeferred,s =N [NEOL,pass(g) - NEOL,S(S)] . (33)

For the present eight-year scenarios, reactive liquid cooling reduces the number of
EOL entry events by one pack per vehicle relative to passive cooling, while predictive
pre-cooling reduces it by two packs per vehicle.

The term “deferred” is used deliberately. Equation (33) does not represent avoided
battery production, avoided waste mass, recycling yield, or environmental impact.
Rather, it quantifies the timing effect of longer modeled battery service life on the
number of traction-battery retirement events occurring within the fixed study horizon.

2.8 Computational Implementation and Reproducibility

All calculations are deterministic and implemented in Python. A common set of model
parameters is used for the thermal, degradation, replacement, TCO, sensitivity, and
fleet-scale calculations. The computational sequence is therefore internally traceable:
the selected BTMS scenario determines the prescribed thermal trajectory; the paired

13



Table 2 Thermal indicators obtained for the prescribed
tropical peak-day scenarios.

Strategy Tpeax (°C) T (°C)  Hss (h/day)
Passive air 51.07 40.44 24.0
Reactive liquid 33.41 30.84 0.0
Predictive pre-cooling 31.00 29.44 0.0

degradation scenario determines the service-life interval; the service-life interval deter-
mines replacement timing and EOL-entry events; and these events are propagated into
the economic and fleet-scale indicators.

No random sampling, stochastic degradation model, optimization algorithm, or
trained learning model is used. Consequently, repeated calculations using the same
parameter set produce identical results. The reproducibility claimed in this work
refers to numerical reproducibility of the scenario analysis, not to predictive validation
against field measurements.

The principal limitation of the methodology is that the thermal and degradation
layers are coupled parametrically rather than through a calibrated electrothermal-
aging model. Likewise, the material-cycle analysis tracks EOL pack-entry events
rather than chemistry-specific material mass flows. These limitations are intentionally
retained to provide a transparent first-stage screening framework. Future extensions
should incorporate experimentally validated thermal parameters, temperature- and
state-dependent ageing models, real logistics duty cycles, second-life eligibility, pack
mass and chemistry, recycling yields, and discounted lifecycle cash flows.

3 Results and Discussion

3.1 Thermal Response and Battery Service-Life Implications

Figure 2 compares the prescribed tropical peak-day battery-temperature trajectories
for the three thermal-management strategies. A clear separation is observed among
the scenarios. Passive air cooling produces the highest peak battery temperature of
51.07 °C, whereas reactive liquid cooling limits the peak to 33.41 °C and predictive
pre-cooling further reduces it to 31.00 °C. Relative to the passive-air scenario, the
peak-temperature reductions are therefore 17.66 °C and 20.07 °C for reactive liquid
cooling and predictive pre-cooling, respectively. These values correspond to reductions
of 34.57% and 39.30%.

Peak temperature alone does not fully describe the thermal burden. The indicators
defined in Egs. (7)—(9) additionally quantify mean daily temperature and exposure
duration above the 35 °C engineering reference. The passive-air case gives a daily
mean temperature of 40.44 °C and remains above 35 °C for the entire prescribed 24-h
period. By comparison, the reactive-liquid and predictive trajectories give daily mean
temperatures of 30.84 and 29.44 °C, respectively, and remain below 35 °C throughout
the simulated day.
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The relative ordering is consistent with the general behavior reported for EV bat-
tery thermal-management systems: stronger active heat rejection can reduce both peak
temperature and thermal nonuniformity, although it normally introduces additional
hardware, auxiliary-energy demand, and control complexity [6, 10, 11, 24]. Predictive
strategies can potentially improve this trade-off by acting before the most severe ther-
mal load occurs rather than responding only after temperature has risen [20, 22, 23].
The present predictive trajectory, however, is a prescribed scenario and should not be
interpreted as the measured response of a validated predictive controller.

The corresponding first-pack SoH trajectories are shown in Fig. 3. If each degrada-
tion relationship is propagated without replacement, the year-8 reference SoH values
are 59.45% for passive air cooling, 73.79% for reactive liquid cooling, and 83.86% for
predictive pre-cooling. These values describe the intrinsic strategy-specific degrada-
tion trajectories used to estimate battery service-life intervals; they do not represent
the SoH of the actual in-service pack after a replacement has occurred.

Using Eq. (12), the first crossing of the 80% traction-battery EOL threshold
occurs at 3.43 years for passive air cooling, 5.87 years for reactive liquid cooling, and
10.14 years for predictive pre-cooling. Consequently, predictive pre-cooling extends the
modeled first-pack service interval by

10.14 — 3.43 = 6.71 years (34)
relative to passive air cooling, while reactive liquid cooling extends the interval by

5.87 — 3.43 = 2.44 years. (35)

These differences are important not only economically but also from a material-
cycle perspective because they change when traction batteries enter replacement,
second-life assessment, disassembly, or recycling pathways.

The annual replacement accounting further clarifies this effect. After the first
passive-air battery reaches the EOL threshold, it is replaced in year 4 and its SoH
clock is reset. Applying the same 3.43-year service interval to the replacement pack
results in a second threshold crossing before the end of the eight-year study period,
corresponding to a second replacement event in year 8. Reactive liquid cooling pro-
duces one replacement event in year 6, whereas predictive pre-cooling produces no
replacement event within the eight-year horizon. Thus,

NEOL,paSS(S) = 27 NEOL,react(S) = 17 NEOL,pred(S) =0. (36)

Relative to passive air cooling, reactive liquid cooling therefore defers one battery-
pack EOL entry within the fixed study horizon, while predictive pre-cooling defers
two. The term defers is important: these batteries will eventually require end-of-life
management, and the present analysis does not imply avoided recycling or eliminated
battery waste.

The relationship between temperature and lithium-ion battery aging is well estab-
lished experimentally [12-15]. Nevertheless, the numerical SoH trajectories used here
remain scenario assumptions. The coefficients kg are not derived directly from the
thermal trajectories or calibrated to a specific battery chemistry. Accordingly, the
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results demonstrate the lifecycle consequences of alternative degradation scenarios
rather than chemistry-specific battery-life predictions.

3.2 Replacement Events, Material-Cycle Implications, and
Total Cost of Ownership

Figure 4 shows the eight-year TCO decomposition. Passive air cooling has the lowest
initial hardware expenditure at USD 12,000 but the highest total modeled ownership
cost because its shorter service interval produces two battery-replacement events and
the highest downtime cost. The resulting eight-year TCO is USD 77,700 per vehicle.

Reactive liquid cooling increases initial hardware expenditure to USD 15,500 and
also incurs the largest BTMS auxiliary-energy cost. However, its longer modeled bat-
tery service interval reduces the number of replacement events from two to one and
decreases downtime. The resulting TCO is USD 72,500, representing

77,700 — 72,500
77,700
lower cost than the passive-air baseline.
Predictive pre-cooling has the highest initial hardware cost, USD 17,200, but does
not require battery replacement within the eight-year horizon and has the lowest
modeled downtime cost. Its total TCO is USD 62,000 per vehicle. The corresponding
saving relative to passive air cooling is

x 100 = 6.69% (37)

ACpreq = 77,700 — 62,000 = 15,700 USD, (38)
or
15,700
bred = 0 X 100 = 20.21%. (39)

Relative to reactive liquid cooling, predictive pre-cooling reduces the eight-year
TCO by USD 10,500, equivalent to 14.48%.

The cost decomposition explains why the lifecycle ranking differs from the capital-
cost ranking. Relative to passive air cooling, predictive pre-cooling adds USD 5,200 in
initial hardware cost, USD 2,000 in BTMS energy cost, and USD 800 in maintenance
cost. These additional expenditures total USD 8,000. They are offset by USD 18,000
in avoided replacement expenditure within the eight-year horizon and USD 5,700 in
reduced downtime, giving USD 23,700 in gross lifecycle benefit and a net saving of
USD 15,700.

Importantly, the USD 18,000 replacement difference does not represent a sin-
gle avoided replacement. In the revised event-based model it corresponds to two
USD 9,000 replacement events in the passive-air case—one in year 4 and another
in year 8—compared with no replacement event in the predictive case. This inter-
pretation preserves the original eight-year TCO total while making the degradation,
replacement, and material-cycle accounting internally consistent.

The same result can be interpreted from a material-cycle perspective. A shorter
battery service interval increases the number of battery packs that must leave trac-
tion service during a fixed vehicle lifetime. In the present eight-year scenario, passive
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Total cost of ownership breakdown
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Fig. 4 Eight-year TCO decomposition for the three BTMS strategies.

air cooling produces two EOL-entry events per vehicle, reactive liquid cooling pro-
duces one, and predictive pre-cooling produces none. The predictive strategy therefore
reduces the number of traction-battery retirement events occurring inside the study
horizon by two per vehicle relative to passive cooling.

This finding should not be interpreted as a direct reduction in material waste. Bat-
tery mass, chemistry, second-life suitability, collection efficiency, recycling efficiency,
and recovered-material yield are not modeled. Rather, the result describes an upstream
service-life effect: improved thermal management can delay the timing at which battery
packs enter downstream second-life and recycling systems. Such service-life extension
is complementary to downstream circularity measures rather than a substitute for
them [1, 3, 4].

3.3 Cumulative Cost and Break-Even Behavior

Figure 5 presents the cumulative ownership-cost trajectories calculated using Eq. (20).
Excluding replacement events, the recurring annual expenditures are USD 5,962.5 for
passive air cooling, USD 6,000 for reactive liquid cooling, and USD 5,600 for predictive
pre-cooling.

Because predictive pre-cooling requires USD 5,200 more initial investment than
passive air cooling, it begins the study with a cumulative-cost disadvantage. At the
end of year 3,

Coeum,pass(3) = 12,000 + 3(5,962.5) = 29,887.5 USD, (40)
while
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Ceum,pred (3) = 17,200 + 3(5,600) = 34,000 USD. (41)
Hence,

D(3) = —4,112.5 USD. (42)
In year 4, the passive-air case incurs its first USD 9,000 battery-replacement charge.
Its cumulative cost therefore becomes

Ceum,pass(4) = 12,000 + 4(5,962.5) + 9,000 = 44,850 USD, (43)
compared with

Cleum,pred(4) = 17,200 + 4(5,600) = 39,600 USD. (44)
The corresponding cost difference changes to

D(4) = 5,250 USD. (45)
Linear interpolation between the annual accounting points gives

4112.5
4112.5 + 5250

The value of 3.44 years should not be interpreted as a conventional continuously
accruing financial payback period. The reversal occurs because the model applies
a discrete battery-replacement event during year 4. Therefore, the more appropri-
ate engineering interpretation is that predictive pre-cooling becomes economically
favorable when the passive-air case reaches its first battery replacement interval.

The second passive-air replacement event occurs in year 8, ensuring that the
cumulative passive cost reaches the same USD 77,700 total reported in the TCO
decomposition. Reactive liquid cooling incurs one USD 9,000 replacement in year 6
and reaches USD 72,500 at year 8, whereas predictive pre-cooling reaches USD 62,000
without replacement.

These results reinforce the distinction between acquisition cost and lifecycle cost.
A low-cost BTMS may remain economically attractive under mild conditions or short
ownership periods, but its advantage can reverse when degradation causes one or more
battery replacements to occur within the operating horizon. This mechanism is espe-
cially relevant to intensively utilized logistics fleets, where downtime and replacement
events directly affect vehicle availability and resource turnover.

YyBE = 3+ ~ 3.44 years. (46)

3.4 Sensitivity to Tropical Ambient Temperature and
Electricity Tariff

The ambient-temperature sensitivity shown in Fig. 6 illustrates how the assumed
economics become increasingly dependent on thermal stress as tropical conditions
intensify. The passive-air screening relationship increases with (T}, — 28)!®, whereas
the predictive relationship increases linearly with T, — 28.

At 28 °C, the passive relationship gives USD 5,000/year compared with
USD 6,200/year for predictive pre-cooling. Under relatively mild conditions, the
simpler passive strategy is therefore favored in this sensitivity submodel. Solving
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Cumulative eight-year ownership cost
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Fig. 5 Cumulative eight-year ownership cost. Passive-air battery replacements occur in years 4
and 8, while reactive liquid cooling requires one replacement in year 6.

5000 + 350(T, — 28)'5 = 6200 + 80(T, — 28) (47)

gives a crossover temperature of approximately 30.52 °C.

At 35 °C, the modeled values increase to approximately USD 11,482 /year for pas-
sive air cooling and USD 6,760/year for predictive pre-cooling. At 42 °C, they become
approximately USD 23,334/year and USD 7,320/year, respectively. The increasing
separation is a direct consequence of the mathematical forms assigned to the two sen-
sitivity curves and should therefore be interpreted as a scenario-screening result rather
than an experimentally measured nonlinear cost response.

Nevertheless, the analysis illustrates an important design implication: the eco-
nomic value assigned to improved thermal management becomes more pronounced as
thermal exposure becomes more severe. This is particularly relevant to tropical logis-
tics applications, where elevated ambient temperature can increase cooling demand,
energy consumption, and degradation risk [15-18].

Electricity-price sensitivity produces a different trend. At the reference electricity
tariff of USD 0.12/kWh, the combined traction and BTMS energy-cost terms are
USD 39,200 for passive air cooling and USD 41,200 for predictive pre-cooling. The
predictive strategy therefore carries a USD 2,000 energy-cost penalty because of its
larger assumed BTMS auxiliary-energy requirement.

At USD 0.25/kWh, the corresponding energy-related costs rise to approximately
USD 81,667 and USD 85,833, increasing the absolute energy-cost difference to approx-
imately USD 4,167. Thus, higher electricity prices act against predictive pre-cooling
in the energy submodel.

19



Screening sensitivity to tropical ambient temperature
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Fig. 6 Sensitivity of the prescribed degradation-and-energy cost indicator to peak ambient temper-
ature.

However, this result does not reverse the overall TCO ranking within the investi-
gated tariff range because the modeled replacement and downtime savings are larger
than the additional energy expenditure. The predictive strategy is therefore not eco-
nomically preferred because it consumes less electricity; it is preferred because the
assumed service-life and availability benefits dominate the added thermal-management
energy cost.

3.5 Predictive Pre-Cooling and Fleet-Scale Implications

Figure 8 illustrates the saturating pre-cooling relationship defined in Eq. (29). A 15-
min pre-cooling period produces a modeled peak-temperature reduction of 5.37 °C,
corresponding to 63.2% of the 8.5 °C asymptotic reduction. Extending pre-cooling to
30 min increases the reduction to 7.35 °C, or 86.5% of the asymptote, while 60 min
gives 8.34 °C, approximately 98.2%.

The derivative in Eq. (30) quantifies the diminishing return. The initial marginal
temperature benefit is approximately 0.567 °C/min, decreases to approximately
0.208 °C/min at 15 min, and falls to approximately 0.077 °C/min at 30 min.
Consequently, most of the modeled thermal benefit is obtained within the first 30 min.

This diminishing-return behavior has practical importance for logistics operations.
Excessive pre-cooling would continue to require auxiliary energy and depot dwell time
while providing progressively smaller thermal benefit. A future predictive controller
should therefore optimize pre-cooling duration against energy use, departure sched-
ule, expected route load, ambient temperature, and battery degradation rather than
maximizing cooling duration alone.
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Sensitivity of energy-related cost to electricity tariff
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Fig. 8 Prescribed relationship between pre-cooling duration and peak-temperature reduction.

Fleet-scale extrapolation highlights the economic consequence of the per-vehicle
result. The predictive strategy provides an eight-year undiscounted saving of
USD 15,700 per vehicle relative to passive air cooling. Equation (31) therefore gives
cumulative fleet savings of USD 0.157 million for 10 vehicles, USD 0.785 million for
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Fleet-scale savings relative to passive-air baseline

Eight-year cumulative savings (million USD)
N

0 100 200 300 400 500
Fleet size (vehicles)

Fig. 9 Eight-year fleet-scale cumulative savings of predictive pre-cooling relative to passive air cool-
ing.

50 vehicles, USD 1.57 million for 100 vehicles, USD 3.14 million for 200 vehicles, and
USD 7.85 million for 500 vehicles.

The material-cycle implication scales in the same manner. Because passive air
cooling produces two EOL-entry events per vehicle within the eight-year horizon
while predictive pre-cooling produces none, the modeled number of EOL pack entries
deferred beyond the study horizon is

Ndeferred,pred =2N. (48)

Thus, the corresponding values are 20 packs for a 10-vehicle fleet, 100 packs for
50 vehicles, 200 packs for 100 vehicles, 400 packs for 200 vehicles, and 1,000 packs for
500 vehicles.

These values should be interpreted as service-life and timing indicators rather
than waste-reduction quantities. No claim is made that these batteries permanently
avoid end-of-life treatment. Instead, the analysis indicates how extending useful
traction-battery life can reduce the number of packs entering the EOL manage-
ment chain during a fixed operating horizon, thereby slowing material turnover and
complementing downstream reuse and recycling strategies.

Table 3 summarizes the principal thermal, battery-life, material-cycle, and eco-
nomic results.

4 Engineering and Material-Cycle Interpretation

The results reveal that BTMS selection is simultaneously a thermal, economic, and
material-cycle decision. The passive-air scenario minimizes initial equipment cost and
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Table 3 Summary of principal thermal, service-life, material-cycle, and economic indicators.

Strategy Peak Ty First-pack EOL Replacement events Deferred EOL entries TCO Saving

(°C) (year) (8 years) vs. passive  (USD) (%)
Passive air 51.07 3.43 2 - 77,700 -
Reactive liquid 33.41 5.87 1 1 72,500 6.69
Predictive pre-cooling 31.00 10.14 0 2 62,000 20.21

auxiliary-energy demand, but the imposed high-temperature exposure produces the
shortest modeled battery service interval and the largest number of replacement events.
By contrast, the predictive pre-cooling scenario requires greater initial investment and
auxiliary energy but delays the 80% SoH threshold beyond the eight-year ownership
horizon.

The first implication is that thermal-management performance should not be
judged solely by peak temperature or cooling-energy consumption. Within the present
scenarios, the economic value of active and predictive cooling arises primarily from the
interaction between thermal exposure, battery service life, replacement expenditure,
and vehicle availability. This explains why predictive pre-cooling has a higher energy-
related cost than passive air cooling while still producing the lowest total ownership
cost.

The second implication concerns battery material turnover. Every battery replace-
ment introduces another traction battery into the vehicle system and moves the
retired pack toward second-life evaluation, disassembly, or recycling. Extending bat-
tery service life can therefore delay the rate at which packs enter these downstream
material-management pathways. In the present eight-year comparison, the passive-air
case generates two EOL-entry events per vehicle, the reactive-liquid case one, and the
predictive case none. The modeled benefit of thermal management is therefore not only
lower replacement expenditure but also slower turnover of traction-battery assets.

This interpretation is consistent with the broader principle of waste prevention and
service-life extension within sustainable material management [1]. It also complements,
rather than replaces, downstream battery-recycling strategies [3, 4]. Even a long-lived
battery eventually reaches retirement and requires appropriate second-life assessment
or material recovery. Thermal management influences when that transition occurs;
recycling determines how the retired material is subsequently managed.

The third implication is that the economic response is inherently nonlinear because
replacement is a threshold-driven event. The SoH trajectory in Eq. (10) is continuous,
but once the 80% threshold is crossed, a discrete USD 9,000 replacement expenditure
is introduced. Small changes in degradation coefficient, EOL criterion, utilization, or
ownership horizon can therefore move a major cost item into or outside the study
period. Replacement timing is consequently one of the most influential assumptions
in the analysis.

Finally, predictive operation is most attractive where future thermal load is suffi-
ciently structured to support anticipatory action. Scheduled logistics fleets provide a
plausible application because route departure, charging windows, depot dwell periods,
and expected ambient conditions may be known in advance. The diminishing-return
relationship in Eq. (30) indicates, however, that increasingly long pre-cooling periods
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are not necessarily desirable. A practical controller would need to balance thermal
benefit against auxiliary-energy consumption and operational constraints.

5 Limitations and Future Work

The numerical results should be interpreted within the scope of a deterministic
screening study. The framework contains thermal, degradation, material-cycle, and
economic layers, but the coupling among these layers is parametric rather than fully
physics-based. The thermal trajectories are analytical surrogates rather than solutions
of a validated electrothermal battery model, while the degradation coefficients are
prescribed values rather than parameters identified for a specific lithium-ion chemistry.

The first-pack SoH curves are used to determine service-life intervals and are reset
when replacement occurs in the ownership model. They should therefore not be inter-
preted as continuous eight-year histories of a single physical battery after replacement.
Likewise, the 80% EOL criterion represents traction-service retirement only; it does
not imply that the battery has reached absolute technical or material end of life.

The material-cycle analysis is limited to pack-level EOL-entry events. Battery
mass, cathode chemistry, remaining useful capacity, second-life eligibility, disassembly
yield, recycling recovery efficiency, recovered-material quality, and avoided primary-
material production are not modeled. Consequently, the study does not quantify waste
mass, recycling benefit, carbon footprint, or life-cycle environmental impact.

The TCO analysis is also simplified. Cash flows are undiscounted, recurring
costs are distributed uniformly across the eight-year horizon, and replacement is
treated as an annual discrete event. Financing, taxation, inflation, insurance, residual
value, battery salvage value, charger infrastructure, stochastic electricity prices, and
heterogeneous fleet utilization are outside the current system boundary.

Future work should therefore couple a validated electrothermal battery model with
measured tropical logistics duty cycles and experimentally parameterized calendar-
and cycle-aging relationships. Battery chemistry, pack mass, second-life suitability,
and recycling pathways should subsequently be incorporated to convert EOL event
counts into material-flow indicators. An expanded study could further integrate dis-
counted cash flow, uncertainty propagation, life-cycle assessment, and material-flow
analysis. Predictive pre-cooling should ultimately be implemented using a validated
MPC or learning-based controller and tested using measured battery, route, charging,
and ambient-temperature data.

6 Conclusion

This study developed a deterministic scenario-based framework for examining how
EV battery thermal-management strategies can influence battery thermal exposure,
service life, end-of-life (EOL) timing, replacement frequency, and lifecycle ownership
cost under tropical logistics conditions. Three strategies—passive air cooling, reactive
liquid cooling, and predictive pre-cooling—were evaluated under common ambient,
utilization, energy, and eight-year ownership assumptions. The prescribed peak-day
scenarios produced maximum battery temperatures of 51.07, 33.41, and 31.00 °C, with
corresponding daily mean temperatures of 40.44, 30.84, and 29.44 °C, respectively.
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Within the paired degradation scenarios, the first-pack 80%-SoH threshold was reached
after 3.43 years for passive air cooling, 5.87 years for reactive liquid cooling, and
10.14 years for predictive pre-cooling. These results indicate that improved thermal
control can substantially extend the modeled traction-battery service interval under
hot-climate operation.

When the service-life intervals were propagated into the eight-year replacement
model, passive air cooling produced two battery-replacement events, reactive liquid
cooling produced one, and predictive pre-cooling produced none within the study hori-
zon. The corresponding total costs of ownership were USD 77,700, USD 72,500, and
USD 62,000 per vehicle. Predictive pre-cooling therefore reduced the modeled TCO
by USD 15,700, or 20.21%, relative to passive air cooling. The economic advantage
arose primarily from avoiding two USD 9,000 battery-replacement events and reduc-
ing modeled downtime, which more than compensated for the higher initial hardware,
auxiliary-energy, and maintenance costs. The cumulative-cost comparison further
showed that the economic ranking changes during the first passive-battery replace-
ment interval in year 4, with an indicative interpolated crossover of approximately
3.44 years.

The results also provide a material-cycle interpretation that extends beyond con-
ventional BTMS cost comparison. Over the fixed eight-year horizon, reactive liquid
cooling defers one traction-battery EOL entry per vehicle relative to passive air cool-
ing, while predictive pre-cooling defers two. At fleet scale, this corresponds to 1,000
deferred EOL pack entries for a 500-vehicle predictive scenario relative to the passive
baseline. These values should be interpreted as service-life and timing indicators rather
than as avoided waste or avoided recycling, because downstream second-life suitability,
battery mass, chemistry, disassembly, recycling efficiency, and recovered-material flows
were not modeled. Nevertheless, the analysis demonstrates that extending battery ser-
vice life through improved thermal management can slow the rate at which traction
batteries enter downstream EOL management systems and can therefore complement
reuse and recycling strategies.

The principal implication is that BTMS selection for high-utilization EV fleets
should be assessed using an integrated lifecycle perspective rather than by cooling per-
formance, auxiliary-energy consumption, or acquisition cost alone. Under the present
scenarios, the preferred strategy emerges from the combined effects of thermal expo-
sure, degradation, replacement timing, vehicle availability, and ownership cost. The
sensitivity results further indicate that ambient temperature, electricity tariff, and
pre-cooling duration can materially influence the relative attractiveness of competing
strategies, particularly under hot-climate operation.

The present findings remain scenario-based and should not be interpreted as
experimentally validated battery-life, waste-reduction, or investment forecasts. Future
work should couple validated electrothermal models with chemistry-specific calendar-
and cycle-aging relationships, measured tropical logistics duty cycles, and experi-
mentally verified predictive control. Extending the framework to battery mass and
chemistry, second-life eligibility, recycling pathways and recovery yields, discounted

25



cash-flow analysis, life-cycle assessment, material-flow analysis, and uncertainty propa-
gation would enable a more complete evaluation of the economic and circular-material
consequences of EV battery thermal management.
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