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Abstract: Renewable energy assets are certified against hazard functions that classical reliability theory treats as
fixed in time, yet the climate driving heat stress, humidity, wind extremes, and flooding is shifting in ways that
make stationarity untenable for long‑lived infrastructure. This article develops a hazard model in which asset fail‑
ure intensity combines a Weibull baseline for intrinsic wear with a climate‑driven component following an affine
jump diffusion, joining mean‑reverting drift from gradual thermal and humidity loading with discrete jumps from
cyclones and floods. A closed‑form reliability function is derived through a Riccati equation, transferring machin‑
ery from interest rate, credit risk, and stochastic mortality modeling to infrastructure reliability, and is extended to
trending climate means and extreme event frequencies through a time‑inhomogeneous quadrature formula. The
model yields a Climate Resilience Index and agrees with forty thousand path Monte Carlo simulations within one
third of one percent over sixty years. Calibrated applications to solar photovoltaic arrays, wind turbines, battery
storage units, and coastal transmission towers, grounded in published Indian degradation and cyclone fragility data,
show that climate‑driven hazard erodes mean time to failure most severely for cyclone‑exposed transmission tow‑
ers, whose lifetime resilience index in coastal Odisha falls from 0.44 under a stationary climate to 0.36 under severe
warming, and least severely for enclosed battery systems.
Keywords: Climate Aware Reliability; Renewable Energy Systems; Affine Jump Diffusion; Nonstationary Hazard
Models; Weibull Reliability; Climate Resilience Index; ExtremeWeather Risk; Monte Carlo Simulation

1. Introduction
1.1. Background

The global renewable energy fleet has grown fromamarginal contribution to electricity supply into a structural
pillar of national power systems within little more than a decade, and the pace of that expansion is not expected
to slow. Solar photovoltaic capacity, wind generation, and grid‑scale battery storage are now routinely sited in en‑
vironments that were never part of the design basis against which their components were originally certified. At
the same time, the climate system that these assets must operate within is no longer the stationary backdrop that
engineering standards implicitly assume. The Sixth Assessment Report of the Intergovernmental Panel on Climate
Change concludes that human‑caused climate change is already affecting many weather and climate extremes in
every region of the globe [1], and recent reviews document that weather‑driven stress on power grid components
is rising [2]. Sea surface temperatures have risen enough to measurably intensify tropical cyclone wind fields, the
fifty‑year return period wind speed used to classify offshore and coastal wind turbines has increased across most
of theworld’s oceans over the past several decades, and humid heat extremes that accelerate polymer and semicon‑
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ductor degradation in solar modules are becoming more frequent in exactly the geographies where solar capacity
is expanding fastest, a pattern documented in detail in Section 2.2 below. Renewable energy reliability has his‑
torically been assessed using hazard functions calibrated to historical failure data under the implicit assumption
that the environment generating those failures will continue to behave as it did during the calibration period. That
assumption is increasingly difficult to defend.

The consequences of treating climate as stationary are not abstract. When Cyclone Fani made landfall on the
Odisha coast in 2019, eighty‑seven high‑voltage transmission towers collapsed outright and a further forty‑one suf‑
fered partial damage, according to the record that the Odisha Power Transmission Corporation Limited released to
Raj et al. [3], a record examined closely in the case study of Section 7. The loss to the transmission and distribution
system was reported at roughly eight thousand crore rupees [3], and many consumers experienced prolonged out‑
ages. Photovoltaic modules operating in composite Indian climates have been measured losing electrical output
at rates that vary by more than an order of magnitude across competing cell technologies depending on how each
technology tolerates sustained heat and humidity, evidence reviewed in Section 2.2. These are not isolated engi‑
neering anecdotes. They are observations of a hazard process that is dynamic, asset‑specific, and tied to a climate
system whose statistical properties are themselves moving.

1.2. Motivation
Reliability engineering possesses a mature and powerful toolkit for handling time‑varying failure rates, built

around theWeibull family, a proportional hazards regression tradition reviewed in Section 2.1, and a long tradition
of survival analysis recast explicitly as a theory of stochastic processes. What this toolkit was not built to handle,
at least not in its classical form, is a covariate process whose own statistical law is changing over the asset lifetime
in a way that compounds with the random arrival of discrete extreme events. A wind turbine commissioned today
faces a fifty‑year return period wind speed at the end of its life that is, in many coastal basins, measurably higher
than the one used in its design certification, and the difference is not a fixed offset but a trend that is itself uncertain.
A transmission corridor built to withstand the cyclone climatology of the 1980s is being asked to survive a Bay
of Bengal cyclone climatology that has already produced storms outside that historical envelope [4]. Treating the
climate covariate as fixed, or even as a stationary stochastic process with constant statistical moments, discards
exactly the information that motivates building a climate‑aware model in the first place. Work on infrastructure
risk in a changing climate has begun to replace homogeneous Poisson hazard models with nonstationary point
processes [5], but those models stop at the hazard arrival stage and do not produce a reliability function that also
carries gradual wear and continuous climate loading.

The mathematical machinery required to handle a hazard rate that is itself a stochastic process with both con‑
tinuous and jump components already exists, though it was developed for a different purpose, a lineage traced in
full in Section 2.3. Interest rate modeling solved an analogous problem decades ago when the short rate driving
bond prices was recognized to be better described as amean‑reverting diffusion than as a deterministic curve, and a
square root diffusion produced the firstwidely used closed‑form solution for the resulting discount factor. Credit risk
theory subsequently recognized that default arrival could be modeled the same way, treating the default intensity
as a doubly stochastic Cox process whose survival probability inherits the same affine tractability. Actuarial science
completed the analogy by applying the identical machinery to human mortality, replacing a fixed life table with a
stochastic mortality intensity that admits closed‑form survival probabilities through transformmethods developed
for the broader affine jump diffusion class [6]. No comparable transfer has yet been made into engineering reliabil‑
ity for renewable energy infrastructure, despite the underlying mathematical structure being essentially identical
to the one needed here, namely a positive intensity process whose integral determines a survival probability.

1.3. Research Gap
Three assumptions recur across the climate and energy literature reviewed in Section 2 and across the reliabil‑

ity literature on which renewable asset certification still largely rests. Failure intensities are treated as constant or
as deterministic functions of age alone. Environmental conditions entering the hazard function, where they enter at
all, are treated as stationary. Discrete extreme events such as cyclone landfalls are either ignored or folded into an
average annual exceedance probability that erases the clustering and trend structure that make them dangerous in
the first place. Climate science has bynowproduceddetailed, asset‑relevant evidence that all three assumptions are
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violated for renewable energy infrastructure, from the documented increase in extreme wind speeds along Asian
and Indian coastlines to the structural fragility curves estimated directly from cyclone damage in Odisha, yet this
evidence has not been incorporated into a reliability framework capable of producing the quantities that asset plan‑
ners actually need, namely a time‑dependent reliability function, a mean time to failure, and a transparent measure
of howmuch climate change is eroding both.

1.4. Objectives and Contributions
This article makes five contributions. A hazard decomposition is proposed in which intrinsic equipment ag‑

ing, captured by a Weibull baseline, is combined additively in the hazard rate, and therefore multiplicatively in the
reliability function, with a climate driven intensity that follows an affine jump diffusion, so that the two sources
of failure risk can be analyzed separately before being combined. A closed form expression for the climate driven
survival factor is derived for the case of a constant long run climate mean, proved through a Riccati equation argu‑
ment and an explicit partial fraction integration of the jump contribution that, to the best of the author’s knowledge,
has not previously appeared in the reliability literature. The result is then extended to linear trends in the climate
mean and the jump arrival rate through a time‑inhomogeneous representation that requires one quadrature rather
than simulation. A Climate Resilience Index is defined directly from this survival factor, recovering the ratio of
climate‑adjusted to baseline mean time to failure as a special case while also providing a full time profile rather
than a single summary number. The closed‑form solution is validated against Monte Carlo simulation and the non‑
stationary representation is cross‑checked against simulation for the severe scenario. The framework is calibrated
to four renewable energy asset classes, solar photovoltaic arrays, wind turbines, battery storage units, and coastal
transmission towers, using published Indian degradation and cyclone fragility data, and a full sensitivity and case
study analysis is carried out for the Odisha coastal corridor, a regionwhose transmission infrastructure has already
experienced the kind of extreme event the model is designed to represent.

2. Literature Review
2.1. Classical Reliability and Survival Models

The Weibull distribution remains the default choice for component‑level reliability modeling because its haz‑
ard function can represent infant mortality, constant risk, andwear‑out behavior through a single shape parameter,
and because its mathematical tractability has been documented exhaustively by Barlow and Proschan [7] and, with
an emphasis on statistical estimation from field data, by Meeker and Escobar [8]. The proportional hazards re‑
gression of Cox [9] extended this tradition by allowing covariates to scale a baseline hazard multiplicatively, and
the point process theory developed alongside it by Cox [10] and consolidated in Cox and Isham [11] supplied the
probabilistic foundation for treating failure arrivals, including clustered and self‑exciting arrivals, as realizations
of a stochastic intensity rather than as draws from a fixed distribution. Aalen et al. [12] reframed survival analysis
explicitly as a theory of stochastic processes, a reframing that this article relies on directly, since a climate‑driven
hazard rate is itself most naturally described as a process rather than as a parameter.

What none of this literature supplies, because it was not designed to, is amechanism for letting the hazard rate
inherit the statistical properties of an external environmental process that is itself evolving. Extreme value theory,
summarized by Gumbel [13] and given a modern statistical treatment by Coles [14], addresses a closely related
but distinct question, namely the distribution of the maximum of a stationary or slowly varying process over a
fixed return period, and it underlies the fifty‑year return period wind speed used throughout wind turbine design
standards. Extreme value theory alone does not, however, produce a reliability function or a mean time to failure,
since it characterizes the tail of a hazard variable rather than the cumulative survival probability that depends on its
entire path. Nonstationary point process models for hazard arrivals, such as the nonhomogeneous Poisson process
applied to tropical cyclone exposure of coastal infrastructure by Li andDong [5], move in the direction of the present
article but represent the load process only and leave component wear outside the model.

2.2. Renewable Energy Reliability under Climate Stress
A growing empirical literature documents that climate change is altering the hazard environment of renew‑

able energy infrastructure in ways that are large enough to matter for asset planning. Zhao et al. [15] analyzed
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reanalysis wind data from 1940 to 2023 and found that the fifty‑year return periodwind speed relevant to offshore
turbine design has increased across most of the world’s coastal oceans, with over forty percent of commissioned
and plannedwind farms in Asia and Europe already exposed towind speeds beyond the design threshold of the low‑
est turbine class. Pryor and Barthelmie [16] produced an independent global assessment of extreme wind speeds
reaching broadly consistent conclusions. Lipari et al. [17] modeled the evolving risk to United States offshore wind
turbines from Atlantic tropical cyclones under a nonstationary climate and found that storms historically expected
once every twenty years are projected to recur roughly every thirteen years, a compression of return period that
corresponds to a substantial increase in the effective arrival rate of extreme loading events. On the structural side,
Panteli et al. [18] developed a fragility‑based framework for assessing power system resilience to extremeweather
that treats component failure probability as a function of weather intensity rather than as a fixed constant, an ap‑
proach this article adopts and extends into a full stochastic process setting. Component‑level studies of transmis‑
sion structures reach the same conclusion from a different direction: Schumann and Chini [19] show that the age
and construction type of individual transmission structures change the simulatednetworkdamage fromhurricanes,
and the review of Karagiannakis et al. [20] collects the fragility models available for transmission towers, distribu‑
tion assets, and substations and ties them to climate adaptation strategies.

For solar photovoltaic systems, the dominant climate stressor is sustained thermal andhumidity loading rather
than discrete extreme events, and the degradation literature reflects this. Singh et al. [21] monitored amorphous
silicon, heterojunction, and multicrystalline modules after twelve years of outdoor exposure in a composite Indian
climate and measured average annual degradation rates ranging from roughly 0.14% per year for heterojunction
modules to 1.5% per year for multicrystalline modules, a tenfold spread attributable largely to how each technol‑
ogy tolerates heat and moisture ingress. Kettle et al. [22] review the failure modes of crystalline silicon, cadmium
telluride, copper indium gallium selenide, and emerging cell technologies and relate eachmode to themodule com‑
ponent in which it arises, and Herceg et al. [23] show that degradation does not follow a linear path in time, that it
differs across climate zones, and that climate change scenarios shift the resulting degradation rates and the associ‑
ated life cycle emissions. This asset‑specific heterogeneitymotivates calibrating the climate‑driven hazard intensity
separately for each renewable asset class rather than applying a single climate covariate uniformly across an entire
portfolio, the approach taken in Section 6. For battery storage, the thermal pathway dominates in the sameway: in a
study that couples downscaled climate projections with experimentally calibrated degradation models for lithium‑
ion batteries in 300 cities, Wu et al. [24] find that rising cell temperature is the primary driver of lifetime losses
and that newer cell generations are considerably less sensitive than older ones, which supports both the moder‑
ate climate sensitivity assigned to enclosed storage in Section 6.1 and the later remark on technology vintage in
Section 9.

2.3. Stochastic Intensity Models beyond Engineering Reliability
The mathematical structure needed to combine continuous climate drift with discrete extreme events in‑

side a single tractable hazard process has already been developed, just not for renewable energy infrastruc‑
ture. Cox et al. [25] introduced a square root mean‑reverting diffusion to model the short‑term interest rate and
derived a closed‑form expression for the resulting bond price by solving an ordinary differential equation of Ric‑
cati type, a result that remains the standard closed‑form benchmark in term structure modeling four decades
later. Lando [26] recognized that the same square root diffusion, generalized to include jumps, could represent a
firm’s default intensity, so that the survival probability entering a defaultable bondprice could be computed through
an identical Riccati argument, with the transform machinery generalized further by Duffie et al. [27] to the broad
class of affine jump diffusions. Biffis [28] completed a third transfer of the same idea into actuarial science, mod‑
eling human mortality intensity as an affine jump diffusion and deriving closed‑form survival probabilities for life
insurance and annuity valuation, and the line of work continues, for example, in the continuous time calendar year
mortality model of Hainaut [6], where a decreasing jump diffusion drives the reversion level of mortality rates and
survival probabilities again take a closed form. Each of these literatures independently rediscovered that a positive
intensity process built from a mean‑reverting diffusion plus compound Poisson jumps yields a tractable survival
probability, because the underlying mathematics, an exponential affine ansatz solved through a Riccati equation,
does not depend on whether the intensity represents an interest rate, a default arrival rate, a mortality rate, or, as
this article proposes, a climate‑driven equipment failure rate.
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2.4. Cyclone Risk to Indian Power Infrastructure
The Odisha coast offers an unusually well‑documented case of climate‑driven infrastructure failure. Damage

records for the high‑voltage transmission network, obtained through a right to information request to the Odisha
Power Transmission Corporation Limited following Cyclone Fani in 2019, have been used to fit lognormal fragility
curves separately for tower collapse and for functionality disruption [3], a dataset examined in full in Section 7,
where the resulting gust speed thresholds are used directly to calibrate the jump severity parameter for the trans‑
mission tower asset class. Mohanty et al. [29] documented the broader resilience response of the Odisha power
sector across multiple cyclone seasons, reporting that operational preparedness measures such as pre‑positioned
repair crews reduced restoration times substantially even before major capital hardening investments were made,
a finding that is consistent with this article’s structural separation between a slow‑moving baseline hazard that
capital investment can address and a fast‑moving jump hazard that operational preparedness can mitigate even
without redesigning the asset itself. The cyclone climatology of the North Indian Ocean that frames this exposure is
itself changing in frequency, seasonality, and intensity, and Tiwari et al. [4] review the observational and modeling
evidence for the basin, which is the reason the jump arrival rate is allowed to trend in Section 4.3.

2.5. Positioning of the Present Study
Table 1 summarizes how the present study positions itself relative to the literature reviewed above along four

dimensions, namelywhether climate is treated as a covariate at all, whether the resultinghazard is dynamic or static,
whether discrete extreme events are represented as a distinct jump process rather than folded into an average rate,
and whether the climate process is permitted to be nonstationary over the planning horizon.

Table 1. Positioning of the proposed framework relative to existing literature.

Study Climate Covariate Dynamic Hazard Discrete Jumps Nonstationary Trend

Cox (1972) [9] No Partial No No
Cox and Isham (1980) [11] No Yes Yes No
Panteli et al. (2017) [18] Yes Partial Yes No
Lando (1998) [26] No Yes Yes No
Biffis (2005) [28] No Yes Yes No
Zhao et al. (2025) [15] Yes No No Yes
Li and Dong (2023) [5] Yes Partial Yes Yes
Proposed framework Yes Yes Yes Yes

No entry in Table 1 combines all four properties at once, and it is precisely the combination, rather than any
single property in isolation, that a renewable energy asset planner needs to answer the question this article is built
to answer, namely howmuch of an asset’s expected service life is being eroded by a climate that refuses to hold still.

3. System Description
The framework is developed for four renewable energy asset classes that together span the generation, stor‑

age, and delivery stages of a typical renewable power system, and that differ enough in their physical exposure to
climate stressors to make a single uniform hazard model inappropriate. Solar photovoltaic arrays are stationary,
areally extensive, and exposed continuously to ambient temperature and humidity, with comparatively low vul‑
nerability to short‑duration wind extremes once basic structural mounting standards are met. Wind turbines are
exposed to the full wind climatology of their site, including the tail behavior that drives blade and tower fatigue,
and are additionally vulnerable to direct structural damage during cyclone landfall when wind speeds exceed the
reference design threshold of the turbine class. Battery storage units are typically housed in enclosures that buffer
much of the direct climate exposure, so that thermal stress reaching the electrochemical cells is moderated by the
enclosure design, leaving internal thermal management as the dominant climate‑sensitive failure pathway. Trans‑
mission towers are lattice steel structureswith largewind‑exposed surface area and long service lives,making them
the asset class most directly comparable to the structures for which cyclone fragility curves have been estimated in
the published literature.

Let 𝑋(𝑡) = ൫Θ(𝑡),𝑊(𝑡), 𝐹(𝑡)൯ denote the vector of climate stressors relevant to a given asset at time 𝑡, where
Θ(𝑡) represents thermal and humidity loading, 𝑊(𝑡) represents sustained and gust wind intensity, and 𝐹(𝑡) rep‑
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resents flood and storm surge severity. Rather than carrying all three stressors as separate covariates inside a
regression‑style hazard function, a choice that would require estimating a high‑dimensional coefficient vector for
which Indian asset‑level failure data are not publicly available at adequate resolution, this article aggregates the
net effect of 𝑋(𝑡) on a given asset class into a single scalar climate hazard intensity 𝜆(𝑡), calibrated separately for
each asset class so that its continuous and jump components reflect the relative importance of gradual thermal
stress against discrete extreme events for that asset. This aggregation is a modeling choice made explicit in As‑
sumption 1 below, and it is the price paid for obtaining a tractable closed‑form reliability function rather than a
high‑dimensional simulation‑only model.
Assumption1. For a given renewable energy asset, the combined effect of thermal, humidity, wind, and flood stressors
on the instantaneous failure intensity can be represented by a scalar climate hazard process 𝜆(𝑡) whose continuous
component reflects gradual thermal and humidity loading andwhose jump component reflects discrete extreme events
including cyclone landfall and flash flooding.

This assumption is restrictive in the sense that it does not allow the analyst to separately attribute observed
reliability erosion to temperature, wind, or flooding, but it is the assumption that makes the closed‑form result of
Section 4 available, and Section 6 demonstrates that asset‑specific calibration of 𝜆(𝑡) already reproduces the quali‑
tative pattern documented in the empirical literature, namely that transmission infrastructure is far more sensitive
to climate change than enclosed battery storage.

4. Mathematical Framework
4.1. Hazard Decomposition

The total failure intensity of a renewable energy asset at time 𝑡 is decomposed as
ℎ(𝑡) = ℎ0(𝑡) + 𝜆(𝑡), (1)

where ℎ0(𝑡) is a deterministic baseline hazard representing intrinsicmechanical and electrical aging in the absence
of climate stress, and 𝜆(𝑡) is the climate hazard intensity introduced in Assumption 1, a nonnegative stochastic pro‑
cess representing the additional failure risk contributed by thermal loading, humidity, wind, and flooding. The
additive structure is chosen deliberately over themultiplicative proportional hazards specification reviewed in Sec‑
tion 2.1, because it allows the resulting reliability function to factor exactly into a baseline component and a climate
component, a property exploited throughout the remainder of this section.

Given a sample path of 𝜆(⋅) over [0, 𝑡], the conditional reliability function is

𝑅(𝑡 ∣ 𝜆) = expቀ −න
𝑡

0
ℎ0(𝑢) 𝑑𝑢 −න

𝑡

0
𝜆(𝑢) 𝑑𝑢ቁ = 𝑅0(𝑡) expቀ −න

𝑡

0
𝜆(𝑢) 𝑑𝑢ቁ, (2)

where 𝑅0(𝑡) = exp൫ − ∫𝑡0 ℎ0(𝑢) 𝑑𝑢൯ is the baseline reliability function. The unconditional, or marginal, reliability
function is obtained by averaging over the distribution of climate paths,

𝑅̄(𝑡) = 𝔼ൣ𝑅(𝑡 ∣ 𝜆)൧ = 𝑅0(𝑡)Ψ(𝑡), Ψ(𝑡) ∶= 𝔼ቂ expቀ −න
𝑡

0
𝜆(𝑢) 𝑑𝑢ቁቃ, (3)

so that the entire climate contribution to reliability is carried by the single functional Ψ(𝑡), the Laplace functional
of the integrated climate hazard process.

4.2. Baseline Hazard
The baseline hazard is taken to be of Weibull form,

ℎ0(𝑡) =
𝑚
𝜏0
ቀ 𝑡𝜏0

ቁ
𝑚−1

, 𝑅0(𝑡) = expቀ − ቀ 𝑡𝜏0
ቁ
𝑚
ቁ, (4)

with shape parameter𝑚 and scale parameter 𝜏0measured in years. Values of𝑚 exceeding one represent an increas‑
ing intrinsic hazard consistent withwear‑governed failure, the behavior expected of photovoltaic encapsulants, tur‑
bine bearings, battery electrodes, and structural steel alike once installation defects have been screened out. The
baseline mean time to failure has the closed form 𝑀𝑇𝑇𝐹0 = 𝜏0Γ(1 + 1/𝑚), where Γ(⋅) is the gamma function, a
standard result used repeatedly in Section 6.
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4.3. Climate Hazard as an Affine Jump Diffusion
The climate hazard intensity is modeled as

𝑑𝜆(𝑡) = 𝜅൫𝜃(𝑡) − 𝜆(𝑡)൯𝑑𝑡 + 𝜎ඥ𝜆(𝑡) 𝑑𝑊(𝑡) + 𝑑𝐽(𝑡), 𝜆(0) = 𝜆0 > 0, (5)

where𝑊(𝑡) is a standard Brownianmotion, 𝜅 > 0 governs the speed atwhich climate stress reverts toward its long‑
runmean 𝜃(𝑡), and 𝜎 > 0 scales the diffusion volatility in the square root form reviewed in Section 2.3, which guar‑
antees that 𝜆(𝑡) remains nonnegative under the Feller condition 2𝜅𝜃 ≥ 𝜎2. The jump component 𝐽(𝑡) = ∑𝑁(𝑡)

𝑖=1 𝑌𝑖
superimposes discrete extreme events on the continuous drift, where𝑁(𝑡) is a Poisson process with intensity 𝜇𝐽(𝑡)
and the jumpmagnitudes 𝑌𝑖 are independent and identically distributed as Exponential with mean 𝜂, representing
the instantaneous elevation of climate hazard following a cyclone landfall, a flash flood, or a comparable extreme
event.

The long‑run mean 𝜃(𝑡) and the jump arrival rate 𝜇𝐽(𝑡) are permitted to depend on time, which is how the
model represents a climate that is itself nonstationary. The two special cases are worth naming explicitly. When
𝜃(𝑡) ≡ 𝜃 and 𝜇𝐽(𝑡) ≡ 𝜇𝐽 are constant, the climate process is stationary in distribution and themodel reduces to the
doubly stochastic intensity processes reviewed in Section 2.3, for which a closed‑form solution is derived in Theo‑
rem 1 below. When 𝜃(𝑡) and 𝜇𝐽(𝑡) trend upward over the planning horizon, representing a climate that is warm‑
ing and generating extreme events with growing frequency, the model captures exactly the nonstationarity docu‑
mented empirically in Section 2.2, and the corresponding survival factor is obtained from the time‑inhomogeneous
representation of Proposition 1 in Section 4.5.

4.4. Closed Form Solution under a Stationary Climate Mean
Theorem1. Let 𝜆(𝑡) follow the affine jump diffusion of Section 4.3 with constant long‑runmean 𝜃 and constant jump
intensity 𝜇𝐽 . Then

Ψ(𝑡) = 𝔼ቂ expቀ −න
𝑡

0
𝜆(𝑢) 𝑑𝑢ቁ ቚ 𝜆(0) = 𝜆0ቃ = exp ൫𝛼(𝑡) − 𝛽(𝑡)𝜆0൯, (6)

where, writing 𝛾 = √𝜅2 + 2𝜎2,

𝛽(𝑡) = 2 (𝑒𝛾𝑡 − 1)
(𝛾 + 𝜅)(𝑒𝛾𝑡 − 1) + 2𝛾 , (7)

𝛼(𝑡) = 2𝜅𝜃
𝜎2 lnቀ 2𝛾 𝑒(𝜅+𝛾)𝑡/2

(𝛾 + 𝜅)(𝑒𝛾𝑡 − 1) + 2𝛾ቁ + 𝜇𝐽ቀ −
2𝜂𝑡
𝑝 + 4𝜂

𝑝𝑞 lnቀ(𝑝 + 𝑞) 𝑒𝛾𝑡
𝑝 𝑒𝛾𝑡 + 𝑞 ቁቁ, (8)

with 𝑝 = 𝛾 + 𝜅 + 2𝜂 and 𝑞 = 𝛾 − 𝜅 − 2𝜂.

Proof. The proof can be seen in Appendix A.

The first termof𝛼(𝑡) togetherwith𝛽(𝑡) reproduces exactly the closed‑formbondprice reviewed in Section 2.3,
confirming that thediffusion component of the climate hazard contributes to reliability in precisely theway a square
root short rate contributes to a discount factor. The second term, derived explicitly inAppendix A through a partial
fraction integration of the jump transform, is new to the reliability literature and quantifies the additional erosion of
reliability attributable to discrete extreme events, isolated cleanly from the continuous drift contribution because
the two terms enter 𝛼(𝑡) additively.

4.5. Extension to a Trending Climate Mean and Jump Frequency
Proposition 1. Let 𝜆(𝑡) follow the affine jump diffusion of Section 4.3 with time‑dependent, deterministic and locally
bounded 𝜃(⋅) and 𝜇𝐽(⋅). ThenΨ(𝑡) = exp ൫𝛼𝑡 − 𝛽(𝑡)𝜆0൯, where 𝛽(𝑡) is the function of Theorem 1 and

𝛼𝑡 = න
𝑡

0
ቂ − 𝜅 𝜃(𝑢) 𝛽(𝑡 − 𝑢) + 𝜇𝐽(𝑢)ቀ

1
1 + 𝜂𝛽(𝑡 − 𝑢) − 1ቁቃ𝑑𝑢. (9)

Proof. The proof can be seen in Appendix A.
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For the linear trends 𝜃(𝑡) = 𝜃0(1+𝛿𝑡) and 𝜇𝐽(𝑡) = 𝜇𝐽0(1+𝛿𝐽𝑡) used in Section 6, the integral in Proposition 1
is evaluated by trapezoidal quadrature on a grid of 0.05 years. The representation removes the sampling error that
simulation would add to the mean time to failure and makes the sensitivity analysis of Section 6.4 deterministic.

4.6. A Monotonicity Result for Diffusion Volatility
Proposition 2. Holding 𝜅, 𝜃, 𝜇𝐽 , 𝜂, and 𝜆0 fixed, the climate survival factorΨ(𝑡) of Theorem 1 is nondecreasing in the
diffusion volatility 𝜎.

Proof. Write 𝛽𝜎 for the solution of the Riccati equation 𝛽′ = 𝐹𝜎(𝛽) ∶= 1 − 𝜅𝛽 − 1
2𝜎

2𝛽2 with 𝛽(0) = 0. Since
𝐹𝜎(0) = 1 > 0, the solution is nonnegative for all 𝜏 ≥ 0. For 𝛽 ≥ 0 the vector field 𝐹𝜎(𝛽) is nonincreasing in 𝜎, so
the comparison theorem for scalar ordinary differential equations gives 𝛽𝜎2(𝜏) ≤ 𝛽𝜎1(𝜏) whenever 𝜎1 < 𝜎2. The
coefficient 𝛼′(𝜏) = −𝜅𝜃𝛽(𝜏) + 𝜇𝐽൫1/(1 + 𝜂𝛽(𝜏)) − 1൯ is a decreasing function of 𝛽(𝜏), because both −𝜅𝜃𝛽 and
1/(1 + 𝜂𝛽) decrease in 𝛽. Hence 𝛼𝜎2(𝜏) ≥ 𝛼𝜎1(𝜏) for every 𝜏. Finally −𝛽𝜎2𝜆0 ≥ −𝛽𝜎1𝜆0, andΨ = exp(𝛼 − 𝛽𝜆0) is
therefore nondecreasing in 𝜎.

This proposition produces a result that runs against the intuitive expectation that a noisier climate is uniformly
worse for reliability. Increasing the volatility of the continuous climate drift, while holding its average level fixed, in
fact raises the expected reliability factor, because the convexity of the exponential survival function means that fa‑
vorable fluctuations in the integrated hazard contribute more to expected reliability than unfavorable fluctuations
of the same magnitude detract from it. The mean of the integrated hazard does not depend on 𝜎 for a square root
diffusion, so the effect is purely a variance effect. The practical implication, confirmed numerically in Section 6.4,
is that diffusion volatility is a second‑order driver of climate reliability erosion compared with jump frequency and
jump severity, which raise the mean of the integrated hazard directly and therefore degrade reliability unambigu‑
ously. Asset planners concerned with climate risk should accordingly direct attention toward the frequency and
severity of discrete extreme events rather than toward the smoothness or noisiness of gradual climate drift.

4.7. Climate Resilience Index and Mean Time to Failure
Definition 1. The Climate Resilience Index of an asset at horizon 𝑡 is

𝐶𝑅𝐼(𝑡) ∶= 𝑅̄(𝑡)
𝑅0(𝑡)

= Ψ(𝑡), (10)

the multiplicative reduction in reliability attributable to climate hazard alone, with 𝐶𝑅𝐼(𝑡) ∈ (0, 1] and 𝐶𝑅𝐼(𝑡) = 1
recovering the stationary, climate‑free baseline.

The mean time to failure under climate stress is

𝑀𝑇𝑇𝐹 = න
∞

0
𝑅̄(𝑡) 𝑑𝑡 = න

∞

0
𝑅0(𝑡)Ψ(𝑡) 𝑑𝑡, (11)

which admits no further closed‑form reduction onceΨ(𝑡) is multiplied against the Weibull survival function 𝑅0(𝑡),
and is evaluated numerically throughout Sections 5 through Section 7 on a horizon of 150 years, long enough that
the truncated tail is negligible for every asset class considered. A single lifetime summary of the index is then

𝐶𝑅𝐼 = 𝑀𝑇𝑇𝐹
𝑀𝑇𝑇𝐹0

, (12)

which recovers exactly the ratio definition used informally in the engineering literature on climate resilient infras‑
tructure, while the time profile 𝐶𝑅𝐼(𝑡) of Definition 1 retains information that the single ratio discards, namely
whether climate erosion is concentrated early or late in the asset life, a distinction that matters directly for mainte‑
nance scheduling and is exploited in the case study of Section 7.

5. Validation of the Closed Form Solution
Before the closed‑form result of Theorem 1 is put to use in a setting where the climate mean is allowed to

trend, its accuracy is checked against direct Monte Carlo simulation of the underlying affine jump diffusion. The
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simulation discretizes the stochastic differential equation of Section 4.3 using an Euler scheme with full truncation
to enforce nonnegativity, a time step of 0.02 years, and extreme events superimposed at each step by drawing a
Poisson‑distributed jump count and summing exponentially distributed jump magnitudes; the algorithm is given
in full in Appendix B. The transmission tower parameters calibrated in Section 6.1 are used as the test case, since
this asset class carries the largest jump component and therefore provides the most demanding test of the closed‑
form jump integral derived in Appendix A.

Figure 1 plots the closed‑form survival factor Ψ(𝑡) of Theorem 1 against the Monte Carlo estimate obtained
by averaging exp(−∫𝑡0 𝜆(𝑢) 𝑑𝑢) across forty thousand simulated paths, with the climate mean held constant so
that the comparison isolates discretization error rather than conflating it with the additional approximation intro‑
duced later when the climate mean is allowed to trend. The two curves are visually indistinguishable across the
full sixty‑year horizon, and the maximum relative deviation across the evaluated annual grid is 0.30%, occurring
at the longest horizons where the survival factor itself is smallest and Monte Carlo standard error is proportionally
largest. Evaluating the closed form and the quadrature representation of Proposition 1 at zero trend gives the same
values to within 1.1×10−5 in relative terms, and for the severe scenario of Section 6.2 the quadrature result agrees
with a separate forty thousand path simulation to within 0.38%. This level of agreement confirms both that the
algebraic derivation in Appendix A is correct and that the quadrature representation used for the nonstationary
scenarios of Section 6 can be trusted.
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Figure 1. Closed‑form prediction of Theorem 1 against Monte Carlo simulation with forty thousand paths, trans‑
mission tower climate parameters, and stationary climate mean.

6. Numerical Simulation Study
6.1. Asset Calibration

Table 2 reports the baselineWeibull parameters used for each of the four asset classes introduced in Section 3.
The shape parameters reflect the relative wear sensitivity of each technology, with battery storage assigned the
lowest shape parameter to reflect electrochemical degradation that begins accumulating from commissioning, and
transmission towers assigned the highest shape parameter to reflect a structure that is essentially free of meaning‑
ful intrinsic degradation until corrosion and fatigue begin to dominate late in life. Scale parameters are set close
to commonly cited median service lives for each technology under benign operating conditions, thirty years for
crystalline solar modules, twenty years for wind turbines, twelve years for grid‑scale lithium‑ion storage, and fifty
years for galvanized steel lattice transmission towers.

Table 2. Baseline Weibull parameters by asset class.

Asset Class Shape𝒎 Scale 𝝉0 (Years) Baseline𝑴𝑻𝑻𝑭0 (Years)
Solar photovoltaic array 2.0 30.0 26.59
Wind turbine 2.5 20.0 17.75

9
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Table 2. Cont.

Asset Class Shape𝒎 Scale 𝝉0 (Years) Baseline𝑴𝑻𝑻𝑭0 (Years)
Battery storage unit 1.8 12.0 10.67
Transmission tower 3.0 50.0 44.65

Table 3 reports the climate intensity parameters, calibrated separately for each asset class so that the balance
between continuous diffusion and discrete jump risk reflects the physical exposure profile described in Section 3.
Transmission towers receive the highest jump frequency 𝜇𝐽0 and jump severity 𝜂, anchored to the cyclone fragility
evidence examined in detail in Section 7, in which eighty‑seven of roughly forty‑two thousand high‑voltage towers
in the Odisha network collapsed during a single severe cyclone, a damage fraction that is consistentwith a jumppro‑
cess generating an occasional severe elevation in instantaneous hazard rather than a gradual drift. Battery storage
receives the lowest jump frequency, reflecting its enclosure‑protected exposure, but a comparatively high long‑run
mean 𝜃0, reflecting that internal thermal management must work continuously against ambient heat even in the
absence of any discrete event. Solar arrays sit between the two extremes, with photovoltaic degradation entering
primarily through the continuous diffusion component, consistent with the smooth, technology‑dependent annual
degradation rates reviewed in Section 2.2 rather than through episodic jumps. The initial value of the climate haz‑
ard is set at its long run mean, 𝜆0 = 𝜃0, for every asset class, so that the asset starts life in the typical climate
state.

Table 3. Climate hazard intensity parameters by asset class, all rates expressed per year.

Asset Class 𝜿 𝜽0 𝝈 𝝁𝑱0 𝜼
Solar photovoltaic array 1.40 0.018 0.050 0.05 0.030
Wind turbine 1.30 0.020 0.070 0.30 0.060
Battery storage unit 1.60 0.025 0.060 0.04 0.025
Transmission tower 1.20 0.015 0.040 0.35 0.100

6.2. Climate Scenarios
Three scenarios are propagated through themodel, distinguished by the rate atwhich the climatemean 𝜃(𝑡) =

𝜃0(1 + 𝛿𝑡) and the jump arrival rate 𝜇𝐽(𝑡) = 𝜇𝐽0(1 + 𝛿𝐽𝑡) trend upward over the planning horizon. The baseline
scenario fixes 𝛿 = 𝛿𝐽 = 0, recovering the stationary climate of Theorem 1 and serving as the classical benchmark
against which climate erosion is measured. The moderate scenario sets 𝛿 = 0.010 and 𝛿𝐽 = 0.015 per year, and
the severe scenario sets 𝛿 = 0.025 and 𝛿𝐽 = 0.035 per year. These trend rates are not fitted to a specific emissions
pathway, since asset‑level climate hazard trends of this kind are not yet estimated in the literature for any of the
four asset classes considered here, but their order of magnitude is anchored to the compression in extreme event
return period reviewed in Section 2.2, where storms historically expected once every twenty years are projected
to recur roughly every thirteen years, a ratio that, compounded over a multi‑decade planning horizon under the
moderate to severe trend rates used here, reproduces a broadly comparable escalation in effective jump frequency.

6.3. Reliability and Mean Time to Failure Results
Figure 2 shows the full reliability function for each asset class under all three scenarios, computed fromPropo‑

sition 1. The separation between the baseline and severe curves is visibly largest for the transmission tower panel
and smallest for the battery storage panel, consistent with the calibration choices of Table 3, and confirms that the
model reproduces the qualitative pattern documented in the empirical literature without that pattern having been
imposed directly on the reliability function itself, since it emerges only after the climate intensity parameters are
combined with the Weibull baseline and integrated forward through the machinery of Section 4.

Table 4 quantifies what Figure 2 shows visually. Even under the stationary baseline scenario, the lifetime
resilience index of the transmission tower falls to 0.4409, meaning that climate hazard alone, with no trendwhatso‑
ever, already erodesmean time to failure bymore than half relative to the intrinsicWeibull baseline, a consequence
of the tower’s high jump frequency and severity rather than of any climate trend. Moving from the baseline to the
severe scenario erodes the transmission tower index by a further 0.0790, from 0.4409 to 0.3619, the largest abso‑
lute movement of any asset class, while the battery storage index moves by only 0.0157 over the same comparison.
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The solar and wind asset classes occupy an intermediate position, losing roughly 0.036 to 0.050 of resilience index
moving from baseline to severe, driven primarily by the continuous diffusion component for solar and by a more
evenmixture of diffusion and jump risk for wind. All mean times to failure in Table 4 are integrated over a horizon
of 150 years and all indices use the exact baseline𝑀𝑇𝑇𝐹0 = 𝜏0Γ(1+1/𝑚), which removes a small truncation error
that arises when the integral is stopped at seventy years, an error that matters mainly for the transmission tower
because its baseline survival function is still close to 0.06 at that horizon.
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Figure 2. Reliability function 𝑅̄(𝑡) for each asset class under the three climate scenarios.

Table 4. Mean time to failure and lifetime Climate Resilience Index by asset class and scenario.

Asset Class Scenario 𝑴𝑻𝑻𝑭 (Years) 𝑴𝑻𝑻𝑭0 (Years) 𝑪𝑹𝑰
Solar photovoltaic array Baseline 19.81 26.59 0.7452

Moderate 19.24 26.59 0.7237
Severe 18.49 26.59 0.6954

Wind turbine Baseline 13.01 17.75 0.7331
Moderate 12.73 17.75 0.7175
Severe 12.37 17.75 0.6970

Battery storage unit Baseline 8.99 10.67 0.8422
Moderate 8.92 10.67 0.8357
Severe 8.82 10.67 0.8265

Transmission tower Baseline 19.69 44.65 0.4409
Moderate 17.89 44.65 0.4008
Severe 16.16 44.65 0.3619

Figure 3 isolates the time profile of the resilience index itself under the severe scenario, stripped of the base‑
line Weibull factor, so that the comparison reflects the climate contribution alone rather than the combined effect
reported inTable4. The transmission tower indexdeclines fastest in the first decade,when the absolute level of𝜆(𝑡)
is still close to its calibrated jump‑dominated steady state, and the curve’s concavity in the early years is the direct
signature of the jump component identified separately from the diffusion component in the closed‑form decom‑
position of Theorem 1. The battery storage curve, by contrast, declines more gradually across the horizon shown,
consistent with a process whose hazard contribution is dominated by smooth diffusion rather than by episodic
jumps.
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Figure 3. Climate Resilience Index time profile, 𝐶𝑅𝐼(𝑡) = Ψ(𝑡), for all four asset classes under the severe climate
scenario.

6.4. Sensitivity Analysis
Figure 4maps the lifetime resilience index of the transmission tower across a grid spanning half to double the

calibrated jump frequency and a climate trend 𝛿 ranging from zero to six percent per year, with the jump frequency
trend 𝛿𝐽 scaled proportionally at 1.4𝛿. The index ranges from 0.5479 in the most favorable corner, where jump
frequency is halved and no climate trend is present, down to 0.2184 in the least favorable corner, where jump
frequency is doubled and the climate trend reaches its upper bound, amore than twofold spread that illustrates how
sensitive transmission infrastructure reliability is to assumptions about extreme event frequency specifically, as
distinct from assumptions about gradual warming. The gradient across the heatmap runs noticeably steeper along
the vertical, frequency multiplier axis than along the horizontal, climate trend axis for any fixed column, indicating
that uncertainty about how much more often severe cyclones will make landfall matters more for transmission
asset planning than uncertainty about the precise rate of long‑run climate warming.
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Figure 4. Lifetime resilience index for the transmission tower asset as a function of the extreme event frequency
multiplier and the climate trend parameter 𝛿.

Figure 5 confirms this ranking through a one‑at‑a‑time perturbation analysis. Against a moderate scenario
base case mean time to failure of 17.89 years, a twenty percent increase in the jump frequency 𝜇𝐽0 reduces mean
time to failure by 7.71%, while a twenty percent increase in the mean jump severity 𝜂 reduces it by 7.08%, the two
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largest effects of any parameter perturbed in the upward direction. The mean reversion speed 𝜅 and the long‑run
mean 𝜃0 produce effects of intermediate magnitude, between four and eight percent depending on direction, while
the diffusion volatility𝜎 produces a negligible effect of about one hundredth of a percent and, consistentwith Propo‑
sition 2, the effect runs in the direction of higher volatility very slightly increasing mean time to failure rather than
decreasing it. This is the clearest numerical confirmation available that the jump component of the climate haz‑
ard process, not its diffusion volatility, is the parameter that asset planners should prioritize when commissioning
further empirical calibration work.
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Figure 5. One‑at‑a‑time sensitivity of transmission tower mean time to failure to a twenty percent perturbation of
each climate parameter in either direction, moderate scenario.

7. Case Study: The Odisha Coastal Corridor
The transmission corridor running through Khordha, Puri, and Cuttack districts on the Odisha coast offers a

setting where the model’s jump component can be checked against a documented historical event rather than only
against calibration assumptions. Cyclone Fani made landfall near Puri in May 2019 as an extremely severe cyclonic
storm, and the damage record assembled byRaj et al. [3] through a right to information request to the Odisha Power
TransmissionCorporation Limited shows eighty‑seven of the network’s high‑voltage towers collapsing outright and
a further forty‑one suffering partial damage, out of 41,814 towers whose gust exposure the authors reconstructed
fromradialwindprofilemodels. All of thedamaged towerswere132‑kVor220‑kV structures,withheights between
21 and 50 m. The loss to the transmission and distribution systemwas put at roughly eight thousand crore rupees,
about one and a half percent of the gross domestic product of the state, according to the same source. This scale
of exposure makes the corridor a natural proving ground for any reliability framework that claims to represent
cyclone‑driven jump risk credibly.

The jump severity parameter 𝜂 calibrated for the transmission tower asset class in Table 3 is set high enough
that a single severe jump realizationmeaningfully elevates the integrated hazard∫𝑡0 𝜆(𝑢) 𝑑𝑢 over themonths follow‑
ing the event, consistent with the lognormal fragility curves estimated directly from the Fani damage data, which
place the median collapse threshold close to 292 km per hour of three second gust wind speed and the median
functionality disruption threshold close to 280 km/h [3], both within the range of gust speeds estimated along the
most exposed sections of the corridor during landfall. The model does not attempt to reproduce the exact damage
fraction observed in 2019, since doing so would require asset‑level wind speed exposure data for every tower in
the network rather than the four asset class‑level parameters this framework is built around, but the qualitative
implication carried by Table 4, namely that the transmission tower lifetime resilience index falls below half even
under the stationary baseline scenario, is fully consistent with a network that has already, within living memory of
the assets currently in service, experienced exactly the kind of jump event the model represents.

Operational preparednessmeasures, including centralized control rooms, pre‑positioned repair crews, and rou‑
tine emergency drills, the practice documented in Section 2.4, reduced restoration times substantially in subsequent
cyclone seasons even ahead of any large‑scale structural hardening of the towers themselves [29]. This observation
maps directly onto the structural separation between ℎ0(𝑡) and 𝜆(𝑡) that this article’s hazard decomposition makes
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explicit. Capital investment in stronger towers, deeper foundations, or undergrounded distribution lines acts pri‑
marily on the baseline hazard ℎ0(𝑡) and on the jump severity parameter 𝜂, lowering the height of each spike when
it occurs, while operational preparedness measures act on the consequence of a jump conditional on it occurring
rather than on the jump process itself, shortening the time the asset spends in a degraded state without altering 𝜆(𝑡)
at all. A reliability framework that collapses both interventions into a single hazard rate cannot distinguish between
them, whereas the decomposition proposed here gives the corridor’s asset managers two separate levers, structural
hardening, which should be evaluated against its effect on 𝜂 and ℎ0(𝑡), and operational preparedness that should be
evaluated against restoration time conditional on a jump rather than against the resilience index itself.

Extending the severe scenario trend rates of Section 6.2 to the transmission tower asset class specifically, the
sensitivity heatmap of Figure 4 indicates that a doubling of cyclone landfall frequency on the Odisha coast, a tra‑
jectory broadly consistent with the compression in tropical cyclone return period reported for other tropical and
subtropical basins in Section 2.2, would push the corridor’s lifetime resilience index toward the lower right region
of the heatmap, to about 0.26, implying that roughly three quarters of the intrinsic Weibull mean time to failure of
the towers currently in service would be forfeit to climate hazard alone over a horizon in which the towers were
originally expected to remain structurally sound.

8. Managerial and Policy Implications
The hazard decomposition of Section 4 carries a direct implication for capital budgeting across a renewable

energy portfolio that mixes asset classes with very different climate exposure profiles. Table 4 shows that a rupee
spent hardening battery storage enclosures against climate stress buys very little additional resilience index, since
the enclosed asset class already retains over eighty percent of its baseline mean time to failure even under the
severe scenario, while a rupee spent on transmission tower hardening or on cyclone‑resistant design standards
addresses an asset classwhose resilience index is already belowhalf under stationary climate assumptions and falls
further under any climate trend at all. Portfolio‑level climate adaptation budgets that are allocated in proportion
to asset replacement value rather than in proportion to climate sensitivity, the implicit practice when no asset‑
specific resilience index is available, will systematically underinvest in transmission hardening and overinvest in
storage hardening relative to what the marginal resilience gain per rupee would recommend. This reading agrees
with the adaptation literature for power grids, which stresses that hardening and operational measures should be
matched to the hazard and the asset rather than applied uniformly [2,20].

The distinction between continuous and jump‑driven climate hazard, formalized by the additive decomposi‑
tion of𝛼(𝑡) in Theorem1 into a diffusion term and a jump term, also has implications for how climate risk should be
communicated to regulators and insurers. A resilience index reported as a single number conflates an asset that is
slowly losing reliability to gradualwarmingwith an asset that is occasionally losing reliability in large discrete steps
during cyclone seasons, two risk profiles that call for different financial instruments, parametric cyclone insurance
for the latter and gradual capital replacement scheduling for the former. The decomposition derived inAppendix A
allows the two contributions to be reported separately, exp(𝛼diff(𝑡)) and exp(𝛼jump(𝑡)), giving regulators a basis for
differentiating disclosure requirements by the nature of the underlying climate exposure rather than by asset class
label alone.

The sensitivity results of Section 6.4 carry a further implication for where future empirical calibration effort
should be directed. Since diffusion volatility was shown in Proposition 2 and confirmed numerically in Figure 5
to have a negligible, and counterintuitively favorable, effect on expected reliability, resources devoted to better
estimating the day‑to‑day variability of temperature or humidity around their seasonal mean are unlikely to ma‑
terially change a resilience assessment. Resources devoted to better estimating the frequency and severity of dis‑
crete extreme events, by contrast, move the resilience index by an order of magnitude more per unit of parameter
uncertainty resolved, and should accordingly receive priority in any data collection program intended to support
climate‑aware reliability planning for Indian renewable energy infrastructure going forward.

9. Limitations and Future Extensions
Assumption 1, which aggregates temperature, humidity, wind, and flood exposure into a single scalar climate

hazard intensity per asset class, is the most consequential simplification in this article and is also the one most di‑
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rectly responsible for the closed‑form tractability of Theorem 1. A multivariate extension in which Θ(𝑡),𝑊(𝑡), and
𝐹(𝑡) enter as separate affine state variables with their own mean reversion and jump structure is mathematically
straightforward, since the transform methods reviewed in Section 2.3 extend directly to vector valued affine pro‑
cesses, but estimating the resulting parameter set would require asset level failure records cross referenced against
site specific weather station data at a resolution that is not, to the author’s knowledge, currently available for Indian
renewable energy installations at portfolio scale [19,20].

The jump severity distribution is assumed exponential throughout, a choice made for analytical tractability
rather than because exponential severity has been validated against Indian cyclone damage data directly. The
Odisha fragility curves discussed in Section 7 are fitted as lognormal functions of wind speed rather than as a
severity distribution over hazard rate increments, and translating between the two representations involves an
additional modeling step that this article has not attempted. A heavier‑tailed jump severity distribution, such as
a Pareto or generalized Pareto severity consistent with the extreme value methods reviewed in Section 2.1, would
alter the closed form of Theorem 1, since the Laplace transform used in Appendix A would no longer admit the
simple rational function structure exploited there, and would need to be evaluated through numerical Laplace in‑
version or simulation rather than through the explicit partial fraction integration carried out for the exponential
case.

The climate trend parameters 𝛿 and 𝛿𝐽 used in Section 6.2 are calibrated to the order of magnitude of com‑
pression in extreme event return period reported in the wind and cyclone literature reviewed in Section 2.2, rather
than to a specific shared socioeconomic pathwayor regional climatemodel downscaled directly for theOdisha coast.
Coupling the climate trend parameters of this framework to output from a regional climate model, so that 𝜃(𝑡) and
𝜇𝐽(𝑡) are driven by simulated temperature and cyclone frequency trajectories under a specific emissions scenario
rather than by an analyst‑chosen linear trend, is a natural next step and would let the resilience index reported in
Table 4 be expressed directly against named climate scenarios. A related refinement concerns technology vintage.
The battery evidence of Wu et al. [24] shows that newer cell generations tolerate heat far better than older ones, so
that the climate parameters of an asset class should be indexed by commissioning year rather than treated as fixed
over decades of procurement.

Three further extensions follow naturally from the structure developed here. Asset‑level reliability estimates
of the kind produced in Section 6 could be aggregated across a spatial network of towers or turbines using the
point process machinery reviewed in Section 2.1, allowing correlated jump risk across geographically proximate
assets during a single cyclone event to be represented explicitly rather than treated as independent across assets
as has been assumed throughout this article. The affine structure underlying Theorem 1 is well suited to Bayesian
updating as new failure data arrive, since the conjugate properties of the square root diffusion allow posterior
parameter distributions to be propagated without abandoning the closed‑form transform. Finally, coupling the
climate hazard intensity 𝜆(𝑡) to a digital twin of a specific renewable energy installation, updated in real time from
sensor telemetry rather than recalibrated only periodically from aggregate failure statistics, would let the resilience
index of Definition 1 function as a live operational indicator rather than as a planning horizon summary computed
once at the design stage.

10. Conclusions
The reliability question facing renewable energy infrastructure in a warming climate is not whether failure

rates will rise but how the rise is structured, whether it accumulates gradually through worsening ambient condi‑
tions or arrives in discrete steps during named storms, and that structure has direct consequences for which inter‑
ventions move the resilience needle. A transmission tower and a battery enclosure exposed to the same regional
warming trend require entirely different adaptation strategies once their hazard processes are decomposed rather
than averaged into a single annual failure probability, and the Odisha corridor examined in Section 7 demonstrates
that this distinction is not a theoretical nicety but a difference of tens of percentage points in lifetime resilience in‑
dex between asset classes sitting in the same power system. The mathematical machinery borrowed in this article
from term structuremodeling, credit risk, and stochastic mortality was developed across three separate literatures
over four decades without any of them anticipating that the same Riccati equation would eventually be solved for a
coastal transmission tower rather than for a government bond or an insured life, and that portability is itself worth
taking seriously as renewable energy infrastructure planning enters a period inwhich the climate driving its hazard
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environment can no longer be treated as a fixed input.
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ℎ(𝑡) Total failure intensity at time 𝑡
ℎ0(𝑡) Baseline, climate free failure intensity
𝜆(𝑡) Climate hazard intensity, an affine jump diffusion
𝑅(𝑡 ∣ 𝜆) Reliability function conditional on a climate path
𝑅̄(𝑡) Marginal, unconditional reliability function
𝑅0(𝑡) Baseline Weibull reliability function
Ψ(𝑡) Climate survival factor, 𝔼[exp(−∫𝑡0 𝜆(𝑢)𝑑𝑢)]
𝑚 Weibull shape parameter
𝜏0 Weibull scale parameter, years
𝜅 Mean reversion speed of the climate hazard process
𝜃(𝑡) Long run mean of the climate hazard process
𝜃0 Stationary, baseline value of 𝜃(𝑡)
𝛿 Linear trend rate of 𝜃(𝑡)
𝜎 Diffusion volatility of the climate hazard process
𝐽(𝑡) Compound Poisson jump component
𝑁(𝑡) Poisson process counting extreme events
𝜇𝐽(𝑡) Intensity of the extreme event Poisson process
𝜇𝐽0 Stationary, baseline value of 𝜇𝐽(𝑡)
𝛿𝐽 Linear trend rate of 𝜇𝐽(𝑡)
𝑌𝑖 Magnitude of the 𝑖th extreme event jump
𝜂 Mean jump severity, 𝔼[𝑌𝑖]
𝛾 √𝜅2 + 2𝜎2 , the Riccati discriminant
𝛼(𝑡), 𝛽(𝑡) Riccati solution functions of Theorem 1
𝐶𝑅𝐼(𝑡) Climate Resilience Index, time profile
𝐶𝑅𝐼 Lifetime Climate Resilience Index,𝑀𝑇𝑇𝐹/𝑀𝑇𝑇𝐹0
𝑀𝑇𝑇𝐹 Mean time to failure under climate hazard
𝑀𝑇𝑇𝐹0 Baseline mean time to failure, 𝜏0Γ(1 + 1/𝑚)
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Appendix A. Proof of Theorem 1 and Proposition 1
Proof of Theorem1. The proof proceeds by the standard affine transform argument used in term structuremod‑
eling, adapted here to the additive jump diffusion of Section 4.3, and is given in full because the explicit closed form
of the jump contribution 𝛼jump(𝑡) has not previously appeared in this form.

Let 𝐹(𝑡, 𝜆) = 𝔼𝑡,𝜆ൣ exp(−∫𝑇𝑡 𝜆(𝑠) 𝑑𝑠)൧ for a fixed horizon 𝑇, and write 𝜏 = 𝑇 − 𝑡. By the Feynman Kac theorem
for jump diffusions, 𝐹 satisfies the partial integro differential equation

𝜕𝑡𝐹 + 𝜅(𝜃 − 𝜆)𝜕𝜆𝐹 +
1
2𝜎

2𝜆 𝜕𝜆𝜆𝐹 + 𝜇𝐽൫𝔼𝑌[𝐹(𝑡, 𝜆 + 𝑌)] − 𝐹(𝑡, 𝜆)൯ − 𝜆𝐹 = 0, (A1)
with terminal condition 𝐹(𝑇, 𝜆) = 1. Conjecture the exponential affine ansatz 𝐹(𝑡, 𝜆) = exp(𝛼(𝜏) − 𝛽(𝜏)𝜆), so that
𝐹 → 1 as 𝜏 → 0, consistent with 𝛼(0) = 𝛽(0) = 0. Since 𝜕𝑡 = −𝜕𝜏 ,

𝜕𝑡𝐹 = −𝐹൫𝛼′(𝜏) − 𝛽′(𝜏)𝜆൯, 𝜕𝜆𝐹 = −𝛽(𝜏)𝐹, 𝜕𝜆𝜆𝐹 = 𝛽(𝜏)2𝐹. (A2)
For 𝑌 ∼ Exponential with mean 𝜂, the moment generating function gives 𝔼𝑌[𝑒−𝛽(𝜏)𝑌] = (1 + 𝜂𝛽(𝜏))−1, so

that 𝔼𝑌[𝐹(𝑡, 𝜆 + 𝑌)] = 𝐹(𝑡, 𝜆)/(1 + 𝜂𝛽(𝜏)). Substituting into the partial integro differential equation and dividing
through by 𝐹,

−𝛼′(𝜏) + 𝛽′(𝜏)𝜆 − 𝜅(𝜃 − 𝜆)𝛽(𝜏) + 1
2𝜎

2𝜆𝛽(𝜏)2 + 𝜇𝐽ቀ
1

1 + 𝜂𝛽(𝜏) − 1ቁ − 𝜆 = 0. (A3)

Because this identity must hold for every value of 𝜆, the coefficient of 𝜆 and the remaining constant termmust
vanish separately, giving the Riccati equation

𝛽′(𝜏) = 1 − 𝜅𝛽(𝜏) − 1
2𝜎

2𝛽(𝜏)2, 𝛽(0) = 0, (A4)
and the companion equation

𝛼′(𝜏) = −𝜅𝜃 𝛽(𝜏) + 𝜇𝐽ቀ
1

1 + 𝜂𝛽(𝜏) − 1ቁ, 𝛼(0) = 0. (A5)

The Riccati equation for 𝛽 is the classical equation solved for the square root short rate process reviewed in
Section 2.3, and its solution, verified by direct differentiation, is

𝛽(𝜏) = 2(𝑒𝛾𝜏 − 1)
(𝛾 + 𝜅)(𝑒𝛾𝜏 − 1) + 2𝛾 , 𝛾 = ඥ𝜅2 + 2𝜎2. (A6)

Integrating the diffusion driven term of 𝛼′(𝜏) against this solution reproduces the standard closed form

𝛼diff(𝜏) = −𝜅𝜃න
𝜏

0
𝛽(𝑠) 𝑑𝑠 = 2𝜅𝜃

𝜎2 lnቀ 2𝛾 𝑒(𝜅+𝛾)𝜏/2
(𝛾 + 𝜅)(𝑒𝛾𝜏 − 1) + 2𝛾ቁ. (A7)

For the jump term, write 𝑢 = 𝑒𝛾𝑠 , 𝑎 = 𝛾 + 𝜅, 𝑏 = 𝛾 − 𝜅, so that 𝛽(𝑠) = 2(𝑢 − 1)/(𝑎𝑢 + 𝑏). Then

𝑔(𝑢) ∶= 1
1 + 𝜂𝛽(𝑠) =

𝑎𝑢 + 𝑏
𝑝𝑢 + 𝑞 , 𝑝 = 𝑎 + 2𝜂, 𝑞 = 𝑏 − 2𝜂. (A8)

Polynomial division gives 𝑔(𝑢) = 𝑎/𝑝 + (𝑏𝑝 − 𝑎𝑞)/൫𝑝(𝑝𝑢 + 𝑞)൯, and direct expansion shows 𝑏𝑝 − 𝑎𝑞 =
2𝜂(𝑎 + 𝑏) = 4𝜂𝛾, so that

𝑔(𝑢) − 1 = 𝑎 − 𝑝
𝑝 + 4𝜂𝛾

𝑝(𝑝𝑢 + 𝑞) = −2𝜂𝑝 + 4𝜂𝛾
𝑝(𝑝𝑢 + 𝑞) , (A9)

using 𝑎 − 𝑝 = −2𝜂. Since 𝑢 = 𝑒𝛾𝑠 gives 𝑑𝑠 = 𝑑𝑢/(𝛾𝑢), the remaining integral is

න
𝜏

0

𝑑𝑠
𝑝𝑒𝛾𝑠 + 𝑞 = න

𝑒𝛾𝜏

1

𝑑𝑣
𝛾𝑣(𝑝𝑣 + 𝑞) =

1
𝛾𝑞 lnቀ(𝑝 + 𝑞)𝑒𝛾𝜏

𝑝𝑒𝛾𝜏 + 𝑞 ቁ, (A10)

obtained through the partial fraction identity 1/൫𝑣(𝑝𝑣+𝑞)൯ = (1/𝑞)൫1/𝑣−𝑝/(𝑝𝑣+𝑞)൯. Combining the two pieces,

𝛼jump(𝜏) = 𝜇𝐽න
𝜏

0
൫𝑔(𝑢(𝑠)) − 1൯𝑑𝑠 = 𝜇𝐽ቀ −

2𝜂𝜏
𝑝 + 4𝜂

𝑝𝑞 lnቀ(𝑝 + 𝑞)𝑒𝛾𝜏
𝑝𝑒𝛾𝜏 + 𝑞 ቁቁ, (A11)

which is the expression stated in Theorem 1, with 𝛼(𝜏) = 𝛼diff(𝜏) + 𝛼jump(𝜏). Setting 𝑇 = 𝑡 and starting time zero,
hence 𝜏 = 𝑡, and identifyingΨ(𝑡) = 𝐹(0, 𝜆0) completes the proof.
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Proof of Proposition 1. Fix the horizon 𝑡 and let 𝜏 = 𝑡 − 𝑠 denote time to the horizon. With 𝜃(⋅) and 𝜇𝐽(⋅) time
dependent, the same ansatz 𝐹(𝑠, 𝜆) = exp(𝛼(𝑠) − 𝛽(𝑡 − 𝑠)𝜆) leads to the same Riccati equation for 𝛽 because the
coefficient of 𝜆 does not involve𝜃 or 𝜇𝐽 . The remaining terms give𝜕𝜏𝛼 = −𝜅𝜃(𝑡−𝜏)𝛽(𝜏)+𝜇𝐽(𝑡−𝜏)൫1/(1+𝜂𝛽(𝜏))−
1൯ with 𝛼 = 0 at 𝜏 = 0. Integrating over 𝜏 ∈ [0, 𝑡] and substituting 𝑢 = 𝑡 − 𝜏 gives the stated expression for 𝛼𝑡 ,
andΨ(𝑡) = 𝐹(0, 𝜆0). When 𝜃 and 𝜇𝐽 are constant the integrand depends on 𝑡 − 𝑢 only and the formula collapses to
Theorem 1.

Appendix B. Monte Carlo Simulation Algorithm
The full truncation schemeused in the update of 𝜆𝑝 enforces nonnegativitywithout altering the drift away from

the boundary, the standard remedy for the square root diffusion’s potential to undershoot zero under discrete time
stepping. Jump magnitudes are accumulated separately at each step rather than approximated by a continuous
correction, since the time step 𝑑𝑡 = 0.02 used throughout this article is small enough that the probability of more
than one jump within a single step is negligible, though the Algorithm A1 as written remains exact regardless
of step size because the Poisson count 𝑛𝑝 is drawn explicitly rather than thinned from a fixed grid. The simulation
serves as an independent check on the closed form and quadrature results rather than as the source of the tabulated
values.

Algorithm A1Monte Carlo estimation ofΨ(𝑡) under a possibly nonstationary climate
1: Input: 𝜅, 𝜃0, 𝛿, 𝜎, 𝜇𝐽0, 𝛿𝐽 , 𝜂, 𝜆0, horizon 𝑇, step 𝑑𝑡, path count𝑀, evaluation times {𝑡𝑘}
2: Initialize 𝜆𝑝 ← 𝜆0 and 𝐼𝑝 ← 0 for all paths 𝑝 = 1,… ,𝑀
3: for 𝑖 = 1 to 𝑇/𝑑𝑡 do
4: 𝑡 ← (𝑖 − 1) 𝑑𝑡
5: 𝜃(𝑡) ← 𝜃0(1 + 𝛿𝑡), 𝜇𝐽(𝑡) ← 𝜇𝐽0(1 + 𝛿𝐽𝑡)
6: for each path 𝑝 do
7: Draw Δ𝑊𝑝 ∼ 𝒩(0, 𝑑𝑡)
8: 𝜆new𝑝 ← max ൫𝜆𝑝 + 𝜅(𝜃(𝑡) − 𝜆𝑝)𝑑𝑡 + 𝜎ඥ𝜆𝑝 Δ𝑊𝑝, 0൯
9: Draw 𝑛𝑝 ∼ Poisson(𝜇𝐽(𝑡) 𝑑𝑡)

10: if 𝑛𝑝 > 0 then
11: Draw 𝑌1, … , 𝑌𝑛𝑝 ∼ Exponential(mean = 𝜂) and set 𝜆new𝑝 ← 𝜆new𝑝 + ∑𝑗 𝑌𝑗
12: end if
13: 𝐼𝑝 ← 𝐼𝑝 +

1
2(𝜆𝑝 + 𝜆new𝑝 ) 𝑑𝑡

14: 𝜆𝑝 ← 𝜆new𝑝
15: end for
16: if 𝑖 𝑑𝑡 = 𝑡𝑘 for some evaluation time then
17: Record Ψ̂(𝑡𝑘) ←

1
𝑀 ∑𝑀

𝑝=1 exp(−𝐼𝑝)
18: end if
19: end for
20: Return: {Ψ̂(𝑡𝑘)}
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