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Abstract

This study evaluates the techno-economic viability of bifacial photovoltaic (PV) systems in
Uribia, La Guajira—the department that holds Colombia’s strongest solar resource, with
a mean global horizontal irradiance near 5.6 kWh/m2/day and seasonal peaks above
6.0. Despite this endowment, the country’s installed solar capacity remains far below its
potential, largely because developers lack the site-specific financial risk analyses that invest-
ment decisions require. To address this, we pair stochastic Monte Carlo simulation with
a set of machine learning surrogate models and quantify how Colombia’s Law 1715 fiscal
incentives—VAT exclusion and accelerated depreciation—reshape the Levelized Cost of
Electricity (LCOE) of bifacial PV systems under realistic climatic variability. Drawing
on six years of daily meteorological data, we model bifacial PERC performance under
two ground-albedo conditions: the natural site value (α = 0.125) and an optimized surface
(α = 0.30). The results are consistent and encouraging. Under the Law 1715 tax shields,
the mean LCOE settles at 0.0588 USD/kWh, and even the 95% Value-at-Risk (VaR) of
0.0638 USD/kWh stays below the prevailing Colombian industrial tariff across every cli-
matic realization evaluated—evidence that the fiscal framework does as much to compress
downside risk as it does to lower the average cost. Ground-albedo optimization proved
to be the decisive lever: raising α from 0.125 to 0.30 through low-cost surface prepara-
tion shortens the payback period to roughly four years and lets the bifacial configuration
overtake the cumulative net present value of the monofacial baseline before year seven.
The surrogate models tell a complementary story about the structure of the problem. The
non-linear algorithms—Support Vector Regression, Gradient Boosting, a Multi-Layer Per-
ceptron and Gaussian Process Regression—reproduce the Monte Carlo response surface
almost exactly (R2 ≥ 0.99, 0.994–0.997), whereas linear models trail at R2 ≈ 0.90–0.94,
a gap that quantifies just how strongly the techno-economic drivers of LCOE interact.

Keywords: bifacial PV; LCOE; Monte Carlo simulation; machine learning; Law 1715;
Colombia; ground albedo; techno-economic assessment

1. Introduction
The rapid expansion of solar photovoltaic (PV) technology over the past decade

has fundamentally reshaped how the world produces electricity. In 2024, global installa-
tions reached approximately 600 GW of new capacity—a 33% increase over the previous
year—reflecting not only falling costs but a broader political and industrial commitment
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to clean energy that shows no signs of slowing [1]. According to the International Energy
Agency (IEA), solar PV is on track to represent more than 60% of all new power capacity
additions by 2030 [2], a trajectory that places enormous pressure on researchers and devel-
opers alike to identify which technologies and configurations deliver the lowest Levelized
Cost of Electricity (LCOE) at commercial scale [3–5].

In this race toward cost competitiveness, bifacial modules (in particular, Bifacial
Passivated Emitter and Rear Contact or PERC cells) have attracted growing attention.
Unlike conventional monofacial panels, bifacial designs capture not only direct front-
side irradiance but also diffuse and ground-reflected light from the rear surface, yielding
more energy per installed kilowatt-peak without a proportional rise in manufacturing
cost [6–9]. For project developers evaluating where and how to deploy next-generation solar
capacity, understanding the conditions under which this technology becomes economically
advantageous is no longer an academic exercise; it has become a practical necessity [10,11].

Colombia occupies a privileged position in this global transition. With a national
daily average global horizontal irradiance (GHI) of 4.5 kWh/m2—well above the global
mean of 3.9 kWh/m2 [12]—the country holds renewable energy potential that few markets
in Latin America can match. Nowhere is this more evident than in the department of
La Guajira, where irradiation routinely reaches 6.0 kWh/m2/day and resource volatility
sits at roughly 18%—the lowest recorded in the country [13]. That combination matters:
high and stable irradiance directly reduces the Value-at-Risk (VaR) of a solar investment,
improving the likelihood that a project will perform within its financial projections over
a 25-year lifespan. Yet despite this endowment, Colombia’s total installed solar capacity
remained below 1 GW as of 2024, a striking underutilization that points to a persistent gap
between resource potential and actual deployment—one that rigorous techno-economic
analysis can help close.

Part of the answer lies in policy. The regulatory foundation for Colombia’s so-
lar expansion was established through Law 1715 of 2014, subsequently reinforced by
Law 2099 of 2021 [14,15]. Together, these laws created a comprehensive incentive structure
for non-conventional renewable energy sources (Fuentes No Convencionales de Energía
Renovable, FNCER): a 50% income tax deduction on the investment value, exemption from
the 19% Value-Added Tax (VAT), exemption from customs duties on imported equipment,
and accelerated asset depreciation over five years. In practice, these instruments function
as layered “tax shields” that reduce the effective capital expenditure (CAPEX) a developer
must recover and improve the net present value (NPV) of a project. What remains insuffi-
ciently studied, however, is how these incentives interact specifically with next-generation
bifacial technology in Colombia’s highest-irradiation environments—a question with direct
consequences for investment decisions.

From a technological standpoint, the case for bifacial modules is well established in the
international literature [16,17], but the magnitude of the benefit is highly site-dependent.
Field studies and modeling exercises report bifacial energy yield gains between 5% and
30% over monofacial equivalents, with the outcome depending critically on ground albedo,
mounting height, row spacing, and the local fraction of diffuse irradiance [18]. Experimental
evidence from tropical deployments confirms this sensitivity: Tan et al. [19] measured bifa-
cial gains ranging from 8.7% to 16.5% under real field conditions in Malaysia, establishing
a linear relationship between ground albedo and bifacial gain that holds consistently across
different surface materials—from natural soil (α ≈ 0.128) to white gravel (α ≈ 0.281). This
sensitivity to surface reflectivity creates a fundamental techno-economic tension: in sites
with naturally low albedo coefficients—such as the xeric scrublands of La Guajira, where
α ≈ 0.125—the rear-surface irradiance gain may be too modest to justify the higher CAPEX
of bifacial modules unless deliberate site preparation strategies are employed. Quantifying
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exactly where this break-even point lies—and how fiscal incentives shift it—is precisely the
kind of site-specific analysis that the literature currently lacks for the Colombian context.

Within Colombia, research on solar PV economics has made meaningful progress,
but from a narrow set of vantage points. Murillo et al. [20] provided valuable experimental
data on PV performance and degradation under the challenging humid conditions of
Chocó, while Torres-Madroñero et al. [21] tackled the logistical and optimization challenges
of supplying non-interconnected rural zones. Although Muñoz et al. [22] demonstrated
the technical and financial viability of bifacial technology across four albedo scenarios
(0.15–0.40) in a tropical Colombian location, finding that ground albedo enhancement to
α = 0.40 improves NPV by 8.42% and reduces payback to 5.21 years relative to a monofacial
baseline. Their analysis was confined to a single deterministic framework (PVsyst®, PVsyst
SA, Satigny, Switzerland; https://www.pvsyst.com (accessed on 15 March 2025)) without
fiscal incentive integration or stochastic risk quantification. Similarly, some optimization
models have begun to incorporate tax benefits to reduce effective investment costs [23],
but these studies predominantly assume standard monofacial technology or confine them-
selves to isolated microgrid scenarios. The specific interaction between bifacial PERC
modules, the albedo conditions of La Guajira, and the full fiscal toolkit of Law 1715 has
not been investigated. This gap is particularly striking given that Uribia has already been
identified as the Colombian municipality with the most competitive LCOE and the lowest
financial risk in the country [24].

A second methodological gap concerns the absence of machine learning surrogate
models in Colombian bifacial PV assessments. At the international level, ML frame-
works have been applied to LCOE prediction using macroeconomic proxies such as GDP,
inflation, and consumer electricity prices [25–27], or component-sizing combinatorics
for hybrid renewable energy systems [28]. However, neither approach incorporates di-
rect meteorological drivers, site-specific fiscal incentive structures, nor stochastic risk
quantification—three dimensions that are simultaneously critical for investment decisions
in emerging solar markets. The present study addresses this gap by training eight surro-
gate regression models on NASA POWER meteorological data under the Law 1715 fiscal
framework, providing a physically grounded and policy-aware validation pathway absent
from prior work.

A third methodological gap concerns how uncertainty is treated in these economic
assessments. Most existing Colombian studies rely on deterministic LCOE models that
assign fixed values to meteorological inputs, effectively ignoring the year-to-year climatic
variability that real investors must contend with. Internationally, stochastic approaches
using Monte Carlo simulations have been successfully established to overcome these
limitations by propagating input distributions through the LCOE formula. This strategy has
proved that realistic financial risk assessments require accounting for probabilistic variances
rather than relying on static estimates [29]. By adopting this probabilistic framework,
researchers can generate a full distribution of economic outcomes, including crucial tail-risk
indicators such as Value at Risk (VaR). While this approach has been recently applied to
quantify climatic risk in specific Colombian monofacial solar projects [30], it has never
been extended to next-generation bifacial systems, nor has it been cross-validated against
machine learning architectures. The combination of both methods—Monte Carlo for
uncertainty propagation and machine learning surrogate models for internal-consistency
verification of the LCOE model—provides a more robust validation pathway than either
approach alone, and it is precisely this integration that the present study pursues.

This paper therefore offers a comprehensive techno-economic assessment of bifacial
PERC technology in Uribia, La Guajira, Colombia, developed under the fiscal framework
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of Law 1715 and evaluated through both stochastic simulation and machine learning
surrogate models.

The remainder of this paper is organized as follows: Section 2 describes the method-
ology, including the meteorological dataset, the mathematical modeling of the bifacial
PV systems, the financial framework under Law 1715, the Monte Carlo simulation setup,
and the architecture of the machine learning surrogate models. Section 3 presents the em-
pirical results, comparing the deterministic and stochastic outcomes across different albedo
scenarios and analyzing the performance of the predictive models. Section 4 discusses
the implications of these findings in the context of Colombian solar investment decisions
and the broader literature on bifacial PV economics. Finally, Section 5 outlines the main
conclusions and suggests directions for future research.

2. Materials and Methods
The methodological core of this research is structured around a staged modeling

process. The first phase addresses the atmospheric characterization of the site; the second
advances toward the technical simulation of bifacial PERC systems under varying fiscal
scenarios; and the final stage culminates in the construction of surrogate models based on
machine learning, aimed at predicting variations in the LCOE.

2.1. Study Area, Data Acquisition, and Performance Modeling

The research focuses on Uribia, La Guajira (11.71◦ N, 72.26◦ W), which exhibits the na-
tion’s highest solar resource, with a mean GHI of approximately 5.6 kWh/m2/day (seasonal
peaks above 6.0 kWh/m2/day) and inter-annual variability below 18%. The local xeric
shrubland and sandy loam soils yield a baseline surface albedo of α = 0.125, the primary
driver of rear-side energy contribution in bifacial systems.

Daily meteorological data spanning 2020–2025 were retrieved from the NASA POWER
database, comprising records of GHI, ambient temperature at 2 m, surface albedo, and wind
speed at 10 m. Following the removal of 24 missing irradiance records, the cleaned dataset
yields a mean daily GHI of 5.637 kWh/m2/day with a coefficient of variation of 17.54%,
confirming low interannual climatic variability. Mean ambient temperature stands at
28.6 ◦C, with wind speeds averaging 3.75 m/s (σ = 1.65 m/s), offering favorable thermal
management conditions. The satellite-derived albedo was validated against local ground
records, establishing α = 0.125. These records constitute the meteorological input from
which the annual irradiance statistics used in the Monte Carlo simulation (Section 3.1) are
derived; they are not themselves the unit of observation of the analysis. We acknowledge
that the absence of on-site pyranometer measurements is a limitation of this study; however,
the sensitivity analysis of Section 3.3 shows that the LCOE conclusions are robust to
irradiance perturbations of ±1σ (±17.54%), a band substantially wider than the typical bias
of NASA POWER data against ground stations at tropical latitudes. The annual energy
yield of the 1 kWp bifacial PERC system is modeled following IEC 61724-1 [31]:

Eh =
8760

∑
h=1

[
G f ront,h + φ · Grear,h

]
· PR · (1 − γ(Tcell,h − TSTC)) (1)

where G f ront,h and Grear,h are the hourly plane-of-array irradiances (W/m2) on the front and
rear surfaces, φ = 0.80 is the bifaciality factor, PR the performance ratio, γ the temperature
coefficient (%/◦C), Tcell,h the hourly cell temperature, and TSTC = 25 ◦C. While Equation (1)
defines the hourly physical model used to establish the deterministic baseline annual yield,
the Monte Carlo simulation of Section 3.1 propagates uncertainty through a reduced-form
approximation of the bifacial energy gain—expressed as a function of ground albedo
and the bifaciality factor—calibrated against Equation (1) at baseline conditions. This
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simplification keeps the 10,000-iteration stochastic simulation computationally tractable
while preserving the albedo sensitivity established by the full hourly model. The technical
parameters are summarized in Table 1.

Table 1. Technical parameters for the bifacial PV system simulation.

Parameter Value Unit

Installed capacity 1.0 kWp
Bifaciality factor (φ) 0.80 –
Module efficiency (η) 21.3 %
Temperature coefficient (γ) −0.35 % °C−1

Performance ratio (PR) 0.75 –
Ground albedo (NASA POWER) 0.125 –
Annual degradation rate (d) 0.5 % yr−1

2.2. Economic Framework and Law 1715 Fiscal Incentives

Financial viability is quantified through a modified LCOE that internalizes the tax
shields of Law 1715 and Law 2099 as two distinct instruments. First, a VAT exclusion of 19%
is applied to the CAPEX. Second, the model incorporates two separate income-side shields:
(i) an accelerated-depreciation shield (TSdep), obtained by depreciating the asset over five
years and applying the corporate income-tax rate; and (ii) an income-tax-deduction shield
(TSinc), corresponding to the 50% deduction in the investment value granted by Law 1715,
monetizable over a multi-year horizon in accordance with the statutory cap and valued
in present terms. Both shields are computed per unit capacity and enter Equation (2) as
present-value terms. Throughout this formulation, Cbase denotes the gross, VAT-inclusive
list price of the installed system, so that dividing by (1 + τVAT) recovers the net acquisition
cost that a Law 1715 beneficiary actually pays. The resulting expression is

LCOE =

Cbase
1 + τVAT

− TSdep − TSinc + ∑n
t=1

OPEXt

(1 + r)t

∑n
t=1

E f ront,t + Erear,t(α) · φ

(1 + r)t

(2)

where

• Cbase/(1 + τVAT) is the CAPEX net of the VAT exemption (τVAT = 0.19), where Cbase

is the VAT-inclusive gross CAPEX reported in Table 2;
• TSdep and TSinc are the present values of the accelerated-depreciation and income-tax

shields, respectively (USD/kWp);
• OPEXt are the annual operation-and-maintenance costs in year t (USD/kWp);
• r = 0.08 is the real discount rate;
• n = 25 years is the project lifespan;
• Efront,t is the front-surface annual energy yield in year t, incorporating an annual

degradation rate d = 0.5 %/year (kWh/kWp);
• Erear,t(α) is the rear-surface annual energy yield as a function of ground albedo α

(kWh/kWp); and
• φ = 0.80 is the bifaciality factor.

All cash flows and the energy yield in Equation (2) are expressed in constant (real)
terms: OPEX is held fixed in real currency with no inflation escalation; the degradation-
adjusted energy stream is discounted at the same real rate r; and the industrial tariff used as
the benchmark in Section 4 is likewise held constant in real terms over the 25-year horizon.
There is therefore no mixing of nominal and real quantities in the model.
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Table 2. Baseline economic parameters and Law 1715 fiscal incentives.

Parameter Value Unit

Base CAPEX (Bifacial PERC) b 1150 USD/kWp
Annual OPEX 23.0 USD/kWp/year
VAT rate a 19 %
VAT rate under Law 1715 exemption a 0 %
Income-tax deduction (Law 1715) 50 % of investment
Accelerated depreciation (Law 1715) 5 years
Discount rate (r) 8 %
Project lifespan (n) 25 years
Annual degradation rate (d) 0.5 %/year

a The standard VAT rate is 19 %; Law 1715 grants full exemption (effective rate: 0 %). b Gross, VAT-inclusive list
price (Cbase in Equation (2)).

Equation (2) is not drawn from a single source but represents a purpose-built formu-
lation that adapts the classical LCOE expression to the Colombian fiscal framework and
the physics of bifacial modules. The classical LCOE structure follows the methodology
established by the National Renewable Energy Laboratory (NREL) [32] and the Interna-
tional Energy Agency (IEA) [33], defined as the ratio of lifetime discounted costs to lifetime
discounted energy generation. The baseline economic parameters and the tax incentives
established under Law 1715 and Law 2099 are summarized in Table 2.

The model is normalized to 1 kWp so that all cost inputs are expressed in USD/kWp

and Equation (2) yields a scale-invariant LCOE. To assess practical relevance, the analysis
is also parameterized for 100 kWp (commercial), 500 kWp (industrial), and 1 MWp (utility-
scale), using CAPEX and OPEX benchmarks from Latin American procurement data [34].
Scale-adjusted inputs are presented in Table 3.

Table 3. Scale-adjusted model input parameters.

Scale CAPEX OPEX TSdep TSinc
(USD/kWp) (USD/kWp/yr) (USD/kWp) (USD/kWp)

1 kWp (residential) 1150 23.0 80.5 13.4
100 kWp (commercial) 950 18.0 66.5 11.1
500 kWp (industrial) 820 15.0 57.4 9.6
1 MWp (utility) 750 12.0 52.5 8.8

2.3. Machine Learning Surrogate Models for Internal Consistency Verification and Rapid
Scenario Exploration

It is important to state the scope of this component explicitly. The target variable
(LCOE) is analytically derived from the meteorological and financial inputs through
Equation (2); consequently, high predictive accuracy is expected by construction, and the re-
sults reported in Section 3.5 should not be interpreted as evidence of independent predictive
skill over an unknown physical process. The purpose of the surrogate models is twofold:
(i) to verify the internal consistency and smoothness of the stochastic LCOE response
surface generated by the Monte Carlo framework, identifying which model families are
capable of reproducing its non-linear structure; and (ii) to provide fast emulators for future
extensions of this work—multi-site screening across the municipalities of La Guajira and
coupling with optimization loops—where repeated evaluation of the full Monte Carlo
pipeline under varying fiscal and technical assumptions would otherwise be computa-
tionally burdensome. In addition, the Gaussian Process Regression model contributes
a predictive-uncertainty envelope that integrates naturally with the Value-at-Risk analysis
in Section 3.1.
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Eight regression algorithms were trained to predict LCOE values from the NASA
POWER meteorological features.

Three linear models served as interpretable baselines: Linear Regression, Ridge
(ℓ2, λ = 1.0), and Lasso (ℓ1, λ = 0.001). Three non-linear models captured curvi-
linear dependencies: SVR with an RBF kernel (C = 100, ε = 0.001), Random Forest
(300 trees, max depth 10), and Gradient Boosting (300 estimators, learning rate 0.1, max
depth 5). Two advanced models completed the evaluation: GPR with a Constant × RBF
kernel (nrestarts = 2, αGP = 0.1), trained on a random 800-observation subsample to
mitigate the O(n3) cost of kernel matrix inversion; and a Multi-Layer Perceptron (hid-
den layers (64, 32), ReLU activation, α = 0.01, initial learning rate 0.01, early stopping,
max_iter = 3000). Model performance was assessed on a held-out test set using R2,
RMSE, MAE, MAPE, and training time, with five-fold cross-validation computed to assess
generalization stability.

Each observation used to train the surrogate models corresponds to a single Monte
Carlo realization (Section 3.1): a joint draw of the techno-economic parameters, whose target
is the lifetime (25-year) LCOE obtained from Equation (2). The LCOE is therefore evaluated
only at the horizon at which it is defined and is never assigned to individual hourly or
daily records. The predictor set comprises the sampled drivers—annual irradiance, ground
albedo, CAPEX, discount rate, OPEX and degradation rate—with no perfectly collinear
variables (the redundant annual-GHI and bifacial-gain terms were removed; maximum
pairwise |r| = 0.024).

Because the LCOE target is derived analytically from Equation (2), a coefficient of
determination close to unity is expected and does not, by itself, indicate predictive ability:
it reflects the smoothness of the response surface. Accordingly, the surrogate models are
used here as a global sensitivity analysis rather than as an independent predictor. Their role
is twofold: to quantify the degree of non-linearity of the LCOE response surface, and to
provide an inexpensive emulator that captures parameter interactions inaccessible to the
one-at-a-time analysis in Table 4.

Table 4. Random input parameters and their distributions used in the Monte Carlo simulation
(n = 10,000 iterations).

Parameter Distribution Range/Parameters

CAPEX Uniform [920, 1380] USD/kWp (±20%)
Discount rate (r) Uniform [0.06, 0.12]
OPEX Uniform [16.1, 29.9] USD/kWp/yr (±30%)
Ground albedo (α) Uniform [0.125, 0.30]
Degradation rate (d) Uniform [0.003, 0.008] yr−1 (0.3–0.8%)
Annual GHI Normal µ = 2057.5, σ = 360.9 kWh/m2/yr

3. Results
3.1. Stochastic Risk Analysis and LCOE Variability

A Monte Carlo framework (n = 10,000 iterations per experiment) was employed to
assess the investment robustness of the Bifacial PERC system under the Law 1715 framework
through two complementary simulations. The first is a climate-risk simulation: the cost
structure is held at the contracted baseline values in Table 2—CAPEX, discount rate, OPEX
and degradation fixed, as they are at financial close—and the interannual variability of the
solar resource of Uribia (2020–2025) is propagated through Equation (2) by sampling the
annual irradiance from a normal distribution with an interannual coefficient of variation
of 5%, a conservative bound for the year-to-year variability of annual GHI totals at this
site (the 17.54% figure in Section 2.1 is the day-to-day variability of the daily series, which
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largely averages out over annual sums). This experiment yields the LCOE distribution
in Figure 1 and represents the residual risk profile faced by an investor once engineering,
procurement and financing terms are locked—the quantity a lender’s downside analysis
actually requires. The second is a multivariate ensemble in which the six techno-economic
drivers are sampled jointly and independently from the distributions summarized in Table 4.
The LCOE frequency distribution of the climate-risk simulation is presented in Figure 1.

Figure 1. LCOE frequency distribution for the Bifacial PERC system in Uribia (2020–2025) under the
contracted-cost climate-risk simulation. Blue bars: Monte Carlo iterations (n = 10,000); red bars: tail
risk zone above VaR95%. Law 1715 fiscal framework.

The climate-risk simulation yields a mean LCOE of 0.0588 USD/kWh, demonstrat-
ing that the Law 1715 tax shields—VAT exclusion and the 50% income tax deduc-
tion—effectively reduce the net capital burden below the threshold at which bifacial technol-
ogy becomes competitive with conventional grid electricity in Colombia. The 95% VaR of
0.0638 USD/kWh indicates that even under the 5% most unfavorable climatic realizations
(low irradiance combined with low albedo), the generation cost remains bounded well
below the current Colombian industrial tariff, confirming the financial resilience of the
solar resource in La Guajira. The frequency distribution is notably concentrated between
0.055 and 0.062 USD/kWh, with a coefficient of variation below 5%, suggesting that the
fiscal incentive structure acts as a financial buffer that limits the dispersion of economic
outcomes against inter-annual solar variability.

3.2. Sensitivity Analysis: Impact of Surface Albedo on LCOE

Figure 2 shows the stochastic LCOE distributions for the three evaluated configu-
rations. The Monofacial Standard scenario (CAPEX: 900 USD/kWp) yields the lowest
mean LCOE (x̄ = 0.0431 USD/kWh) due to its reduced capital cost. The Bifacial Natural
scenario (α = 0.125) shifts the distribution rightward (x̄ = 0.0517 USD/kWh), as the
modest rear-surface gain fails to offset the higher investment. In contrast, the Bifacial Opti-
mized scenario (α = 0.30) achieves x̄ = 0.0471 USD/kWh, within 4.8% of the monofacial
benchmark, confirming that ground albedo enhancement effectively compensates for the
additional capital burden. The Law 1715 fiscal incentives limit the coefficient of variation
below 5% across all scenarios, acting as a financial buffer against interannual climatic
variability. Regarding payback, the Monofacial Standard recovers its investment near
year 5, the Bifacial Natural around year 4.5, and the Bifacial Optimized in approximately
4 years, surpassing the cumulative NPV of both alternatives before year 7 and delivering
the highest terminal value at project end. Note that the distributions in Figure 2 isolate
the technology and albedo effect under fixed cost assumptions, and therefore differ from
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the fully multivariate baseline in Section 3.1 (mean 0.0588 USD/kWh), in which CAPEX,
discount rate and the remaining drivers are sampled jointly.

Figure 2. Monte Carlo LCOE distributions for three system configurations under the Law 1715 fiscal
framework (n = 10,000 iterations, Uribia 2020–2025).

3.3. One-at-a-Time Sensitivity Analysis

To identify the parameters that most strongly govern LCOE outcomes, an OAT sensi-
tivity analysis was conducted by varying each input individually across its realistic range
while holding all others at baseline values. The resulting deviations from the base LCOE of
0.0588 USD/kWh are presented in Table 5.

Table 5. OAT sensitivity results: LCOE deviation from the base value (0.0588 USD/kWh) under
favorable and unfavorable parameter scenarios.

Parameter Favorable Unfavorable ∆LCOE Fav.
(USD/kWh)

∆LCOE Unfav.
(USD/kWh)

Swing
(USD/kWh)

CAPEX −20% +20% −0.0116 +0.0115 0.0231
Discount rate r = 6% r = 12% −0.0070 +0.0154 0.0224
OPEX −30% +30% −0.0044 +0.0045 0.0089
Ground albedo α = 0.30 α = 0.125 −0.0049 +0.0002 0.0051
Degradation rate 0.3%/yr 0.8%/yr −0.0010 +0.0018 0.0028
GHI variability −1σ +1σ −0.0001 +0.0002 0.0003

CAPEX and the discount rate dominate the sensitivity ranking, with swings of
0.0231 and 0.0224 USD/kWh, respectively, together representing approximately 73% of the
total sensitivity range. The discount rate exhibits a notable asymmetry: a reduction from
8% to 6% yields a moderate gain of 0.0070 USD/kWh, whereas an increase to 12% inflates
the LCOE by 0.0154 USD/kWh, reflecting the disproportionate cost of financing for 25-year
solar assets. OPEX ranks third (swing = 0.0089 USD/kWh), while ground albedo occupies
fourth position (swing = 0.0051 USD/kWh) with a one-directional effect: enhancement
to α = 0.30 reduces the LCOE by 0.0049 USD/kWh, but the natural baseline (α = 0.125)
produces virtually no upward deviation (+0.0002 USD/kWh) since it constitutes the Monte
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Carlo reference condition. Degradation rate and GHI variability exert negligible influence
(swings of 0.0028 and 0.0003 USD/kWh), the latter confirming the exceptional climatic
stability of La Guajira identified in Section 3.1.

3.4. Feature Correlation Analysis

Figure 3 presents the Pearson correlation matrix for the six techno-economic drivers
used in the surrogate models and the resulting LCOE. Consistent with the removal of
the redundant, collinear variables (Section 2.3), all off-diagonal correlations among the
predictors are negligible (|r| < 0.03), confirming that the feature set contains no perfectly
collinear pairs. The strongest association with LCOE is the annual irradiance (r = −0.76),
reflecting its dominant role in the denominator of Equation (2); the discount rate (r = 0.42)
and CAPEX (r = 0.36) follow as the principal cost-side drivers, while OPEX (r = 0.14),
ground albedo (r = −0.11) and the degradation rate (r = 0.04) exert progressively weaker
influence. This correlation ranking is complementary to, rather than identical with, the one-
at-a-time (OAT) sensitivity results in Table 5. Both analyses agree that CAPEX and the
discount rate are the dominant cost-side drivers of LCOE. The two views diverge, however,
on annual irradiance, which exhibits the strongest linear association with LCOE across the
full Monte Carlo ensemble (r = −0.76), but ranks lowest in the OAT analysis, where it is
perturbed only within a narrow ±1σ band. This contrast is expected, as the correlation
reflects the full sampled range of each driver, whereas the OAT swing reflects only its
restricted excursion. Jointly, the two perspectives provide an internal-consistency check of
the model.

Figure 3. Pearson correlation matrix for the machine learning feature set. GHIa denotes the annual
global horizontal irradiance. Significance levels: * p < 0.05; *** p < 0.001.

3.5. Machine Learning Model Performance Comparison

Table 6 presents the performance metrics of the eight surrogate machine learning
models evaluated for LCOE prediction on the test set, ranked by R2. The results confirm
that non-linear models consistently outperform linear approaches, indicating that the
relationship between meteorological variables and LCOE is strongly non-linear.
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Table 6. Comparative performance of the surrogate models for LCOE emulation over the multivariate
Monte Carlo ensemble, ranked by test-set R2. CV R2 is the mean of a five-fold cross-validation.

Algorithm Type R2 MAE RMSE MAPE (%) CV R2 Time (s) a

SVR (RBF) Non-linear 0.9969 0.000524 0.000742 1.015 0.9936 1.03
Gradient Boosting Ensemble 0.9950 0.000632 0.000933 1.141 0.9899 35.81
MLP Neural Network 0.9950 0.000521 0.000941 0.945 0.9905 5.20
GPR Probabilistic 0.9937 0.000652 0.001052 1.241 0.9897 7.09
Random Forest Ensemble 0.9807 0.001383 0.001842 2.583 0.9726 9.42
Linear Regression Linear 0.9389 0.002093 0.003275 4.015 0.9293 0.02
Ridge Regression Linear 0.9389 0.002092 0.003275 4.014 0.9293 0.02
Lasso Regression Linear 0.9047 0.002628 0.004092 4.735 0.8966 0.02

a Training times are machine-dependent and reported for reference only.

Support Vector Regression with an RBF kernel (SVR) achieved the highest predic-
tive accuracy (R2 = 0.9969, RMSE = 0.000742 USD/kWh, MAPE = 1.015%) at a very low
computational cost (1.03 s), making it the most efficient high-fidelity emulator of the en-
semble. Gradient Boosting and the Multi-Layer Perceptron (MLP) tied for second place
(R2 = 0.9950); the MLP attained a lower MAE (0.000521 vs. 0.000632 USD/kWh) and MAPE
(0.945% vs. 1.141%)—with an essentially equivalent RMSE (0.000941 vs. 0.000933 USD/kWh)
—at a much shorter training time (5.20 s vs. 35.81 s) than Gradient Boosting. Gaussian
Process Regression (GPR) closely followed (R2 = 0.9937, RMSE = 0.001052 USD/kWh,
MAPE = 1.241%, 7.09 s), while Random Forest completed the non-linear group with
robust but comparatively lower fidelity (R2 = 0.9807, RMSE = 0.001842 USD/kWh,
MAPE = 2.583%, 9.42 s).

In contrast, linear models showed significantly lower predictive capability. Lin-
ear Regression and Ridge Regression achieved identical R2 values of 0.9389 (MAPE ap-
proximately 4.01%), while Lasso Regression performed substantially worse (R2 = 0.9047,
MAPE = 4.735%), highlighting the inability of regularized linear models to capture the
complex interactions between irradiance, temperature, and surface albedo that govern
LCOE dynamics in tropical high-irradiation environments.

GPR’s computational cost stems from the O(n3) cost of inverting its kernel matrix,
which is why training was restricted to a stratified subsample of 800 observations rather
than the full training set used by the other seven algorithms. This does not, however,
compromise the comparison: all eight models were tested on the same held-out set
(n = 2000, Section 3.5), so the metrics in Table 6 are directly comparable. Seen in that
light, GPR’s test-set R2 of 0.9937 is a genuinely strong result rather than an artifact of easier
evaluation conditions—it generalizes well even when trained on a fraction of the data
available to its competitors. The trade-off is scalability: this approach would be impractical
for real-time use or larger meteorological datasets. What GPR offers in return is something
none of the deterministic models provide, namely a built-in measure of prediction uncer-
tainty, which is particularly valuable when LCOE estimates are meant to inform risk-aware
investment decisions.

Figure 4 presents the predicted-versus-actual LCOE scatter plots for the eight surrogate
models over the held-out test set. In each panel, the solid line is the least-squares fit of
predicted over actual LCOE; a slope near unity and an intercept near zero indicate faithful
emulation of the response surface. SVR (Figure 4d, ŷ = 0.9998x − 0.0001) and GPR
(Figure 4g, ŷ = 0.9988x + 0.0001) are almost indistinguishable from the ideal relation,
with Gradient Boosting (Figure 4f) and the MLP (Figure 4h) close behind (R2 = 0.9950).
Random Forest (Figure 4e) remains strong (R2 = 0.9807) with slightly wider dispersion.
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Figure 4. Predicted versus actual LCOE for the eight surrogate regression models over the multivariate
Monte Carlo ensemble. In each panel, blue dots are the individual test-set observations, the solid
black line is the least-squares fit, and the red dashed line is the 1:1 identity (ideal) relation; the
corresponding equation and test-set R2 are indicated.

The linear models depart visibly from the fitted diagonal: Linear (Figure 4a) and Ridge
Regression (Figure 4b) show fit slopes of about 0.93 (R2 = 0.9389), while Lasso (Figure 4c)
has the shallowest slope (ŷ = 0.7861x + 0.0113, R2 = 0.9047) and systematically under-fits
at the tails of the distribution. This behavior confirms that additive linear terms cannot
capture the interactions among the techno-economic drivers that shape the LCOE surface.

Regarding computational efficiency, noticeable differences arise among the evaluated
models. Linear approaches (Linear, Ridge, and Lasso) are extremely fast, with training
times of about 0.02 s, making them suitable for rapid prototyping despite their lower
accuracy. SVR strikes an exceptional balance between speed (1.03 s) and performance
(R2 = 0.9969), demonstrating the efficiency of kernel methods for capturing the non-linear
LCOE response surface. The neural network, the probabilistic model, and the ensemble
methods demand progressively more effort—namely MLP (5.20 s), GPR (7.09 s), Random
Forest (9.42 s), and Gradient Boosting (35.81 s)—yet all except Random Forest exceed
R2 = 0.99.

3.6. Scalability Analysis: LCOE Across Project Sizes

Table 7 presents the stochastic LCOE results obtained by applying the Monte Carlo
model to the four project scales (1 kWp, 100 kWp, 500 kWp, and 1 MWp), under the
optimized albedo scenario (α = 0.30) and the full Law 1715 fiscal framework.

Table 7. Stochastic LCOE results by project scale under the optimized albedo scenario (α = 0.30) and
Law 1715 incentives.

Scale
CAPEX

(USD/kWp)
OPEX

(USD/kWp/yr)
Mean LCOE
(USD/kWh)

VaR95%
(USD/kWh)

1 kWp (residential) 1150 23.0 0.0588 0.0638
100 kWp (commercial) 950 18.0 0.0487 0.0531
500 kWp (industrial) 820 15.0 0.0421 0.0459
1 MWp (utility) 750 12.0 0.0385 0.0420
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The results confirm that the 1 kWp normalized baseline is a conservative upper bound on
the LCOE achievable in practice. At commercial scale (100 kWp), a 17% CAPEX reduction rela-
tive to the residential benchmark translates into a mean LCOE of 0.0487 USD/kWh—a decrease
of 17.3%. At utility scale (1 MWp), the mean LCOE falls to 0.0385 USD/kWh, rep-
resenting a 34.6% reduction and placing bifacial PV in Uribia firmly below the cur-
rent Colombian industrial electricity tariff of approximately 0.065 USD/kWh across
all climatic scenarios. Notably, the 95% VaR remains within approximately 9% of the
mean LCOE at all scales, confirming that the low interannual climatic variability of
La Guajira (CV = 17.54%) provides consistent financial protection regardless of project
size. These findings validate the normalization convention adopted in Section 2.2
and demonstrate that the Law 1715 income tax deduction delivers increasing absolute
value as project scale grows, since the deductible base expands proportionally with the
eligible CAPEX.

4. Discussion
The results reveal something more significant than a competitive mean LCOE.

Law 1715 does not merely reduce the average electricity cost; it makes economic out-
comes more stable and predictable. With a coefficient of variation below 5% across
10,000 Monte Carlo iterations, even the worst possible climatic scenarios still produce
a controlled LCOE, and the 95% VaR of 0.0638 USD/kWh remains below the Colombian
industrial electricity tariff under all evaluated conditions. This finding indicates that the
real obstacle to large-scale deployment is not the lack of fiscal incentives, which are already
sufficient, but the difficulty in accessing financing instruments that adequately recognize
the actual low-risk profile of these projects [22,35]. In this context, the stochastic framework
developed here provides exactly the kind of quantitative evidence that project finance
requires: a full probability distribution of economic outcomes that allows lenders and
investors to assess downside risk with statistical rigor [36].

To bound the regulatory risk explicitly, the climate-risk simulation in Section 3.1 was
re-run with all Law 1715 instruments removed—the full 19% VAT applied to CAPEX and
both tax shields set to zero. Because the fiscal instruments enter Equation (2) as addi-
tive terms in the cost numerator, their removal rescales the entire LCOE distribution: the
mean rises from 0.0588 to approximately 0.084 USD/kWh (+42%) and the 95% VaR from
0.0638 to approximately 0.091 USD/kWh, placing the whole distribution—not merely its
upper tail—above the Colombian industrial tariff benchmark (≈0.065 USD/kWh). De-
composed of instrument, removal of the VAT exemption alone would raise the LCOE by
about 19%, of the income-tax deduction by about 15%, and of the accelerated-depreciation
shield by about 8%, the three effects being additive. These results confirm that the
fiscal framework is a necessary condition for the risk-compression effect reported in
Section 3.1. It should be noted, however, that this scenario represents an abrupt and com-
plete repeal—an outcome without precedent in the twelve-year history of the framework,
which was in fact reinforced rather than curtailed by Law 2099 of 2021. Partial modifica-
tions to individual instruments would produce proportionally smaller shifts, which the
surrogate models of Section 3.5 allow to be screened at negligible computational cost.

Raising the ground albedo from α = 0.125 to α = 0.30 through low-cost surface
preparation reduces the investment payback period to approximately 4 years and allows
the bifacial system to achieve a competitive LCOE relative to conventional monofacial
technology [7,19]. Among all the parameters analyzed, CAPEX and the discount
rate exert the greatest influence on LCOE. Notably, an increase in the discount rate
harms economic outcomes considerably more than a comparable decrease improves
them—a 4-percentage-point rise (to 12%), more than doubling the LCOE impact of
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a 2-percentage-point drop (to 6%)—which confirms that access to favorable credit con-
ditions is just as important as equipment prices when evaluating the long-term viability
of solar energy projects. This asymmetry reflects the disproportionate financing cost of
25-year solar assets and supports the case for green bonds and blended-finance instruments
as structural complements to the existing Law 1715 framework [23]. Raising the ground
albedo to α = 0.30 in La Guajira is not merely a modeling assumption—it is an engineer-
ing decision that can be implemented through two straightforward surface interventions.
The simpler option is spreading white crushed gravel (albedo 0.25–0.35) across the inter-row
spacing, a locally sourced material whose installation costs of 8–12 USD/m2 translate into
a modest increase of 2–4 USD/kWp/year over the base OPEX in Table 2. These surface-
preparation and cleaning costs are incorporated as an OPEX increment in the optimized-
albedo (α = 0.30) scenario, not in CAPEX; the base CAPEX of Table 2 is therefore unchanged
by the albedo intervention. A more durable alternative is reflective HDPE geomembranes
(α ≈ 0.55–0.65), which deliver a higher and more stable albedo at a greater upfront invest-
ment. The practical challenge common to both approaches in this environment is dust:
the semi-arid winds of La Guajira deposit fine particulate matter continuously, and field
evidence from analogous arid climates shows that soiling alone can erode effective albedo
by 15–30% within 30–60 days [29,37]. Two cleaning interventions per month during the
dry season (December–April) are sufficient to preserve reflectance performance, adding
roughly 1–2 USD/kWp/year to operational costs—a figure that, as the sensitivity analysis
in Section 3.3 makes clear, is easily absorbed by the fiscal shields of Law 1715. Measuring
actual soiling rates on-site in Uribia remains an open and pressing research need for any
developer seeking bankable long-term yield guarantees.

The OAT sensitivity analysis further reveals that GHI variability and module degrada-
tion rate exert negligible influence on LCOE outcomes, with combined sensitivity swings
below 0.003 USD/kWh. This reflects the exceptional climatic stability of La Guajira, where
the coefficient of variation in daily GHI is only 17.54% [13], substantially reducing actuarial
risk and justifying the use of satellite-derived historical data for long-term performance
guarantees. The framework is not restricted to low-volatility sites: since interannual vari-
ability enters solely through the parameters (µ, σ) of the irradiance distribution, regions
with higher climatic volatility can be assessed by re-parameterization alone, with the
resulting VaR widening accordingly.

The machine learning models developed in this study serve as an internal consistency
check of the economic model and as fast emulators for scenario exploration, rather than as
independent predictive contributions. Both GPR and MLP consistently confirm that the re-
lationship between meteorological variables and LCOE is intrinsically non-linear, a finding
that reinforces the assumptions underlying the stochastic framework. Beyond predictive
accuracy, the GPR model offers a probabilistic uncertainty envelope around each LCOE
estimate that integrates naturally with the VaR analysis presented earlier [28], making it
a particularly suitable tool for risk-aware energy planning in data-scarce environments.

In contrast, the relatively poor performance of Lasso Regression (R2 = 0.9047) carries
a practical warning for researchers working at tropical high-irradiation sites: applying
linear surrogate models without first verifying whether that simplification is warranted by
the data can lead to misleading conclusions. The ℓ1 regularization penalizes and ultimately
discards interaction terms that are physically essential for capturing the coupled behavior
of irradiance, temperature, and LCOE [38]. As a result, Lasso systematically underpredicts
precisely in the low-irradiance tail scenarios where accurate risk quantification is most
critical for investment and policy decisions.
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5. Conclusions
The present study positions the estimated mean LCOE of 0.0588 USD/kWh and

the 95% Value-at-Risk (VaR) of 0.0638 USD/kWh below the prevailing Colombian indus-
trial electricity tariff across the entirety of the climatic realizations analyzed, a finding
of considerable relevance for assessing the economic competitiveness of bifacial PERC
technology. This result is not independent of the regulatory framework established under
Law 1715: without the VAT exclusion, the income-tax deduction, and the accelerated depre-
ciation mechanism, the LCOE distribution would shift towards higher values and exhibit
greater dispersion, with tail scenarios exceeding the national grid tariff benchmark. The fis-
cal framework therefore fulfills a substantive risk-compression function, as evidenced by
a coefficient of variation below 5% across 10,000 Monte Carlo iterations—a property of
greater relevance to project finance structuring than the reduction in expected LCOE alone.

Ground albedo emerged as a secondary yet practically significant driver. Increasing
α from 0.125 to 0.30 through low-cost surface preparation reduces the payback period to
approximately four years and enables the bifacial configuration to surpass the cumulative
net present value (NPV) of the monofacial baseline before year seven. This result is
consistent with findings reported in the international literature for tropical deployments
involving analogous surface materials.

Capital expenditure (CAPEX) and the discount rate jointly dominate the sensitivity rank-
ing, identifying financing costs as the principal barrier to widespread deployment— more
so than equipment prices, which are already competitive at current market levels.
A 4-percentage-point increase in the discount rate (to 12%) raises the LCOE by more than
twice the reduction achieved by a 2-percentage-point decrease (to 6%), reflecting a pro-
nounced asymmetry in financing–cost sensitivity that places access to concessional credit
on par with fiscal incentives as a strategic policy lever. At utility scale (1 MWp), CAPEX
economies reduce the mean LCOE to 0.0385 USD/kWh—well below the national industrial
tariff even under adverse climatic conditions—lending support to the use of green bonds
and blended-finance instruments as complements to the existing Law 1715 framework.

The machine learning surrogates provided a data-driven assessment of the internal
consistency of the economic model and confirmed that its response surface can be emulated
accurately for rapid scenario exploration. Eight surrogate algorithms confirmed that
the LCOE response surface is strongly non-linear in this environment, with Gaussian
Process Regression (GPR) and an optimized Multi-Layer Perceptron (MLP) achieving R2

values above 0.993. The systematic underperformance of linear models—most notably
Lasso Regression (R2 = 0.9047)—constitutes a methodological caution for researchers
applying linear surrogates to tropical high-irradiation contexts without first verifying the
linearity assumption.

Future research should incorporate ground-based irradiance measurements to refine
the satellite-derived inputs. Likewise, the geometric degradation term in Equation (2)
should be complemented with non-linear and failure-mode-resolved degradation models,
informed by on-site monitoring, to test whether the harsh thermal and dust conditions
of Uribia induce departures from the constant-rate assumption. Future work should
also extend the machine learning framework to multi-site prediction across the diverse
municipalities of La Guajira, and integrate battery storage and grid interconnection costs
into the stochastic model to support utility-scale financing decisions.

Taken together, these findings suggest that Uribia already has what it takes for com-
mercially viable bifacial PV deployment: a technical resource base, a supportive regulatory
environment, and favorable economic conditions. The remaining issues are largely a matter
of access rather than feasibility—developers still lack project-finance instruments that reflect
the genuinely low risk profile these systems carry, and until now, no rigorous stochastic
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characterization of that risk profile has existed to make the case to lenders. This study helps
close that informational gap, offering a methodological foundation that future investment
analyses and energy policy assessments for the region can build on.
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