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Abstract—This research presents a detailed statistical analysis
of daily energy production variance for the Carhuaquero Pho-
tovoltaic Solar Plant, a 565.25 kW small-scale solar installation
operated by KONDU SAC in Peru. Using a complete annual
dataset spanning from May 17, 2024, to May 16, 2025, this study
examines the temporal variability and statistical distribution
characteristics of photovoltaic energy generation. The analysis
encompasses 365 consecutive daily observations, providing robust
insights into production patterns and operational efficiency met-
rics. Statistical modeling techniques were applied to characterize
the probability distributions governing daily energy output, with
particular emphasis on variance analysis and distribution fitting
methodologies. The results indicate that daily energy production
exhibits considerable variability, with values ranging from 0.05 to
6.10 MWh/day and a coefficient of variation of 41.2%. Seasonal
patterns are identified through monthly aggregation analysis,
revealing distinct performance variations associated with mete-
orological conditions typical of the Andean region. Distribution
modeling shows that energy production follows a right-skewed,
leptokurtic distribution, best approximated by a Gamma model,
reflecting the alternation between overcast and clear-sky condi-
tions. These findings contribute to an improved understanding of
small-scale photovoltaic system performance characteristics and
provide valuable inputs for energy forecasting models and grid
integration strategies. Furthermore, the results support enhanced
operational planning and maintenance scheduling for similar
solar installations under comparable geographical and climatic
conditions.

Keywords—Solar Photovoltaic Systems, Energy Production
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I. INTRODUCTION

Photovoltaic (PV) technology has established itself as a
fundamental component of sustainable energy infrastructure
worldwide, supported by sustained reductions in capital costs
and progressive improvements in module conversion effi-
ciency. Within the broader PV deployment landscape, grid-
connected systems with installed capacities below 1 MW con-
stitute a strategically significant segment of distributed gen-
eration. Their widespread adoption across diverse geographic
and climatic contexts demands rigorous performance charac-
terization to support operational planning, grid management,
and long-term investment viability [1], [2].

The stochastic nature of solar resource availability intro-
duces inherent uncertainty in daily energy output, governed

by the combined influence of incident irradiance, atmospheric
attenuation, seasonal dynamics, and system-level factors. Em-
pirical studies have quantified the adverse effects of environ-
mental degradation mechanisms on PV performance: soiling
reduces module efficiency by up to 11.86% and can suppress
energy yield by 8.8%, while partial shading—depending on
array configuration and bypass diode architecture—may cur-
tail instantaneous power output by as much as 92.6% [3].
Array topology also modulates system resilience; total-cross-
tied (TCT) configurations have demonstrated superior perfor-
mance under non-uniform illumination conditions in small-
scale deployments [4]. These interacting factors underscore the
need for robust statistical frameworks capable of quantifying
production reliability and supporting probabilistic decision-
making [5], [6].

Despite a substantial body of research addressing large-scale
utility PV installations (> 1MW) in well-characterized arid
and semi-arid climates, a significant knowledge gap persists
regarding the statistical production behavior of small-scale
systems operating under tropical mountain conditions [7].
The distinct meteorological dynamics of such environments—
characterized by orographic cloud formation, pronounced
seasonal precipitation regimes, and variable atmospheric
humidity—generate production variability patterns that cannot
be adequately represented by models calibrated on desert-
region installations [8], [9]. The Andean region of Peru
exemplifies this underrepresented climatic context, where the
interaction between elevated altitude, tropical irradiance lev-
els, and rainy-season cloud dynamics creates conditions with
limited precedent in the indexed PV performance literature
[10].

To address this deficiency, the present study delivers the
first comprehensive annual statistical characterization of daily
energy production variability for a grid-connected small-scale
PV system integrated with hydroelectric infrastructure in the
Peruvian Andes. The Carhuaquero Photovoltaic Solar Plant,
operated by KONDU SAC, provides an exemplary case study
in hybrid renewable generation, demonstrating the operational
complementarity between solar and hydroelectric resources
within a shared infrastructure perimeter [11], [12].

The remainder of this paper is organized as follows. Section
II presents the theoretical framework, encompassing a descrip-
tion of the study site and the statistical methods employed.
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Section III details the data acquisition protocol, preprocessing
procedures, and statistical modeling approach. Section IV
reports descriptive statistics, seasonal variability patterns, and
distribution fitting results. Section V interprets the findings in
relation to grid integration challenges, operational strategies,
and existing benchmarks, and identifies the study limitations.
Section VI summarizes the principal conclusions and outlines
directions for future investigation.

II. THEORETICAL FRAMEWORK
A. Overview of Carhuaquero Photovoltaic Solar Plant

The Carhuaquero Photovoltaic Solar Plant belongs to
KONDU SAC, an emerging Peruvian energy company strate-
gically supported by Kallpa Generaciéon and Orazul Energy
[13]. The company’s flagship project, the Carhuaquero Pho-
tovoltaic Solar Plant, is located in the districts of Llama and
Catache, within the provinces of Chota and Santa Cruz, in the
operational area of the Carhuaquero Hydroelectric Plant [14].
The geographical context of the installation is illustrated in
Fig. 1, while the main technical specifications of the system
are summarized in Table I [15].

Carhuaquero Solar Power Plant

Lo O

Fig. 1. Carhuaquero Photovoltaic Solar Plant Location

This project represents an innovative approach to lever-
aging existing infrastructure, with an installed capacity of
565.25 kW. The system consists of 950 photovoltaic modules
rated at 595 W each, five 100 kVA string on-grid inverters,
and a 630 kVA transformation center [16]. The physical
arrangement of the photovoltaic modules is shown in Fig. 2,
while a broader view of the solar installation, including its
spatial distribution and surrounding environment, is presented
in Fig. 3 [17].

The design highlights the complementarity between hy-
droelectric and solar generation within the same operational
complex, reinforcing KONDU’s role as a strategic actor in the
diversification of renewable portfolios in Peru. Furthermore,
the implementation of an underground interconnection line
with existing infrastructure demonstrates a strategic approach
to resource optimization and transmission cost reduction [18].

B. Gamma and Normal Distribution Modeling

Probabilistic modeling of photovoltaic energy production re-
quires distributions capable of representing positively skewed,

TABLE I

TECHNICAL SPECIFICATIONS OF CARHUAQUERO SOLAR POWER PLANT

Photovoltaic System

System Type

Grid-Connected (On-Grid)

Inverters

5 Units, 100 kVA Each

Total Inverter Capacity

500 kVA

Inverter Model

Huawei SUN2000-100KTL

Transformation Center

10/0.48 kV, 630 kVA

PV Modules
Number of Modules 950
Module Power 595 Wp
Technology N-Type

Mounting Structure

Type Fixed Structure
Material Aluminum
Tilt Angle 14°
DC Cabling
Cable Section 6 mm?

Voltage Rating

Up To 1500 Vdc

Installation Type

Outdoor (Non-Direct Burial)

Inverter System

Standard Compliance

COES Technical Procedure No.
20 (PR-20)

Connection Type

String Inverter,
Grid-Synchronized

Transformation Center

Low Voltage Side 480 V, 60 Hz
Medium Voltage Level 10 kV
Main Transformer Power 630 kVA
Tap Changer Off-Load Tap Changer
Transformation Ratio 10/0.48 kV

Fig. 2. Solar Panels of the Carhuaquero Photovoltaic Solar Plant

bounded data. The Gamma distribution, widely applied to
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Fig. 3. 950 Photovoltaic Modules, each with a Nominal Power Rating of 595 W

energy yield characterization and renewable resource analysis,
is defined as

ma—le—w/ﬁ
peT ()

where « > 0 is the shape parameter, 5 > 0 is the
scale parameter, and I'(-) denotes the Gamma function. This
distribution accommodates right-skewed profiles characteristic
of solar generation data, where low-production days associated
with overcast conditions are frequent while high-production
events form an extended right tail [19]. Its flexibility in
capturing asymmetric structures makes it well-suited for An-
dean climatic regimes where cloud intermittency governs the
production distribution.

The Normal distribution serves as the principal reference
benchmark in distribution fitting studies [20] and is defined as
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where 1 is the mean and o the standard deviation. Although
the Normal distribution is frequently employed in PV per-
formance studies due to its tractability and well-established
probabilistic framework, its symmetric structure renders it
inadequate for strongly skewed production profiles [21]. Com-
parison against the Gamma model through the Kolmogorov—
Smirnov statistic and the Akaike Information Criterion (AIC)
[22] enables objective assessment of distributional adequacy.

C. Skewness and Kurtosis

Higher-order statistical moments such as skewness and
excess kurtosis are essential for characterizing the shape of
solar power distributions. Skewness is given by

Bl(X —p)’]
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and excess kurtosis is expressed as
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where the subtraction of 3 centers the metric relative to
the Normal distribution, which has a classical kurtosis of 3.
A positive excess kurtosis (72 > 0) indicates a leptokurtic
distribution with heavier tails than the Normal, while v < 0
corresponds to a platykurtic distribution. These measures
capture biases and heavy tails in solar distributions, which
influence probabilistic risk assessments such as the P90 metric
[23]. Their use enhances the robustness of uncertainty quantifi-
cation in renewable integration [24], and they are included in
evaluation metrics frameworks for solar forecasting models.
Studies confirm their importance in improving photovoltaic
project assessments under uncertain conditions [25].

D. Autocorrelation and Temporal Dependence

The temporal structure of photovoltaic energy production
can be analyzed using the autocorrelation function (ACF),
defined as:
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where k represents the time lag. The ACF reveals per-
sistence patterns and temporal dependencies associated with
meteorological conditions [26].

In many practical cases, the autocorrelation structure can be
approximated by an exponential decay model:

p(k) =~ exp(—ak), 2)

where « is the decay rate parameter. This formulation
provides a compact representation of memory effects in so-
lar generation processes. Understanding temporal dependence
is crucial for improving forecasting models, energy storage
sizing, and grid integration strategies [27].

E. Capacity Factor and Seasonal Variance

The capacity factor (CF) is a normalized performance metric
that expresses the ratio of actual daily energy production to
the maximum theoretically achievable output under continuous
full-rated operation. It is defined as

Egaily
Ponet X 241171000

where FEg.i, is the measured daily energy output
(MWh/day) and Py is the installed capacity (kW). For
the Carhuaquero system, the nominal baseline is 565.25 x
24/1000 = 13.566 MWh/day. The CF provides a dimension-
less index comparable across installations of different sizes
and geographical contexts [28], making it the standard metric
for seasonal performance benchmarking in this study.

Seasonal heteroscedasticity — the variation in produc-
tion variance across meteorological seasons — is quantified
through the conditional variance estimator applied to each
seasonal subset S:

2 1 = \2
s = mZ(a —Zs)

€S

CF =

(€))

(10)

where ng is the number of observations in season S,
x; is the daily production, and Zg is the seasonal mean.
Comparison of o% across the dry season (May—August),
transition season (September—November), and rainy season
(December—February) quantifies how production uncertainty
varies throughout the annual cycle — a critical input for adap-
tive maintenance scheduling and energy storage dimensioning
[29].

III. METHODOLOGY

The analytical framework combines descriptive statistical
analysis with parametric distribution modeling and temporal
correlation assessment to characterize daily energy production
patterns at the Carhuaquero Photovoltaic Solar Plant. The
dataset comprises 365 consecutive daily generation values
(MWh/day) for the Carhuaquero plant, spanning the period
from May 17, 2024, to May 16, 2025 [30], constituting a

complete annual cycle. The scope of this study is confined to
the statistical characterization of daily energy output.

Raw generation records were compiled in tabular form and
structured as a chronological time series. Data integrity was
ensured through: (i) continuity checks for missing entries;
(i) anomaly detection using the interquartile range (IQR);
and (iii) validation of extreme values against operational
constraints. Five near-zero generation days were retained,
as they correspond to scheduled maintenance or curtailment
events, preserving the temporal structure for autocorrelation
analysis. Although the complete 365-day series was used for
all temporal analyses (descriptive statistics, ACF, and seasonal
variance), these five maintenance-related near-zero observa-
tions were excluded from probabilistic distribution fitting to
avoid biasing parameter estimation, yielding a fitting subset
of N = 360 non-maintenance observations.

Descriptive statistics—mean, median, standard deviation
(o), variance (o?), coefficient of variation, skewness (1), and
excess kurtosis (y2)—were computed for the annual dataset
and by month to capture global and seasonal patterns.

Probability distributions were fitted via maximum likeli-
hood estimation (MLE) for Normal, Log-Normal, Weibull,
and Gamma models. Model adequacy was evaluated using
the Kolmogorov Smirnov (K-S) test and Akaike Information
Criterion (AIC). Graphical diagnostics, including probability
density function (PDF) overlays on histograms, supported
these results. Temporal dependence was assessed using the au-
tocorrelation function (ACF) for lags 1 to 7, with significance
tested against 95% confidence bounds under the white-noise
null hypothesis.

IV. RESULTS

A. Descriptive Statistical Analysis

As reported in Table II, the comprehensive analysis of 365
daily energy production observations provides a detailed char-
acterization of the operational behavior of the Carhuaquero
Photovoltaic Solar Plant. Daily energy production exhibits a
mean of y = 2.58 MWh/day and a median of 2.60 MWh/day,
with a standard deviation of o = 1.06 MWh/day and a vari-
ance of 1.13 MWh?/day?. The coefficient of variation reaches
41.1%, reflecting substantial variability and inherent uncer-
tainty in short-term production forecasting. Observed values
span from 0.05 to 6.10 MWh/day (range: 6.05 MWh/day). The
distribution is positively skewed (v; = 1.09) and leptokurtic
(72 = 2.84), indicating a right-tailed, non-Gaussian behavior
associated with the intermittent alternation between overcast
and clear-sky conditions typical of this Andean environment.

B. Monthly Production Patterns and Seasonal Variability

Monthly production exhibits a clear seasonal pattern, as
illustrated in Fig. 4. The peak capacity factor reaches 0.34 in
May 2024 (4.56 MWh/day), declining to a minimum of 0.13 in
February 2025 (1.73 MWh/day) representing a 162% increase
relative to the minimum monthly capacity factor, driven by
the Andean hydrological cycle. The dry season (May—August)
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TABLE II
ANNUAL DESCRIPTIVE STATISTICS FOR DAILY ENERGY PRODUCTION

Statistical Measure Value Unit
Mean 2.58 MWh/day
Median 2.60 MWh/day
Standard Deviation 1.06 MWh/day
Variance 1.13 MWh?2/day?
Minimum 0.05 MWh/day
Maximum 6.10 MWh/day
Range 6.05 MWh/day
Coefﬁ_cignt of 412 %
Variation
Skewness 1.09 -
Excess Kurtosis 2.84 -

averages 3.56 MWh/day, while the rainy season (December—
February) decreases to 1.95 MWh/day, representing a 45%
reduction. The annual average capacity factor is 0.19, con-
sistent with high-altitude tropical installations. The seasonal
contrast depicted in Figure 4 highlights an inverse relationship
between solar production and precipitation, reinforcing the
operational complementarity with the co-located Carhuaquero
hydroelectric facility, whose output peaks precisely when PV
generation reaches its minimum.

Max: 4.56 MWh/day
CF=0.34 I Capacity Factor (%)

=8~ Mean Daily Production (MWh/day)
==+ Annual Mean (2.58 MWh/day, CF=0.19)
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Fig. 4. Monthly capacity factors and average daily energy production

The 365-day time series reveals a strongly seasonal pro-
duction profile, as shown in Fig. 5. The annual mean
of 2.58 MWh/day serves as the baseline, with 81.1% of
observations falling within +1 standard deviation (¢ =
1.06 MWh/day). Peak production clusters in May—June 2024,
with an abrupt 35% decline from June (4.16 MWh/day) to
July (2.69 MWh/day), marking the onset of the transition
season. Rainy-season months (December—February) register
the lowest production levels, consistent with the pronounced
troughs observed in the figure. The consecutive clustering of
similar-production days provides visual evidence of the multi-
day autocorrelation structure.

Monthly production analysis reveals pronounced seasonal
variations throughout the annual cycle, as summarized in
Table III. Peak production occurs in May 2024, with a mean

-

== Monthly Mean (MWh/day)

== Annual Mean = 2.58 MWh/day
Mean + 10 (0 = 1.06 MWh/day)

W Daily Production (MWh/day)
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Fig. 5. Daily energy production time series (May 17, 2024 — May 16, 2025)

of 4.56 MWh/day and a capacity factor of 0.34, while the
minimum is recorded in February 2025 (1.73 MWh/day;
CF = 0.13). The dry season (May—August) averages
3.56 MWh/day, compared to 1.95 MWh/day during the rainy
season (December—February), representing a reduction of
45%. The annual average capacity factor is 0.19, calculated
against the nominal baseline of 13.566 MWh/day. These
patterns directly reflect the dominant influence of the Andean
hydrological cycle on solar resource availability.

TABLE III
MONTHLY ENERGY PRODUCTION STATISTICS
Mean. Star}dz}rd Capacity
Month Production Deviation Factor
(MWh/day) (MWh/day)

May 2024 4.56 1.47 0.34
June 2024 4.16 1.38 0.31
July 2024 2.69 1.25 0.20
August 2024 2.84 0.22 0.21
September 2024 241 0.71 0.18
October 2024 2.85 0.52 0.21
November 2024 2.63 0.63 0.19
December 2024 2.03 0.59 0.15
January 2025 2.10 0.45 0.16
February 2025 1.73 0.56 0.13
March 2025 2.16 0.47 0.16
April 2025 2.03 0.60 0.15
May 2025 2.07 0.57 0.15

C. Distribution Modeling and Statistical Characterization

Daily production follows a right-skewed, leptokurtic distri-
bution (y; = 1.09, excess kurtosis v = 2.84 > 0), inconsis-
tent with normality, as shown in Figure 6. The Gamma distri-
bution provides the best fit (o = 6.10, scale = 0.43 MWh/day;
KS = 0.173; AIC = 1025.9), although all candidate mod-
els are formally rejected (p < 0.001). The Normal dis-
tribution, overlaid for reference, overestimates intermediate
production values (3.0-5.0 MWh/day) and underrepresents
the modal peak. The dominant class [2.5, 3.0) MWh/day
concentrates 142 observations (39.4%), while the right tail
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(> 5.0 MWh/day) reflects infrequent clear-sky events asso-
ciated with the dry season, consistent with the extended tail
observed in Fig. 6.
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Fig. 6. Probability density distribution of daily energy production

Distribution fitting was performed via maximum likeli-
hood estimation on N = 360 non-maintenance observations.
Among the four candidate models, the Gamma distribution
provides the best relative approximation (o« = 6.10, scale
= 0.43 MWh/day; KS = 0.173; AIC = 1025.9), followed
by the Weibull (AIC = 1039.6), Normal (AIC = 1042.2),
and Log-Normal (AIC = 1110.3) distributions, as summa-
rized in Table IV. All models are formally rejected by the
Kolmogorov—Smirnov test (p < 0.001), highlighting the
complex and non-standard structure of the production data.
The Gamma parameters estimated on the 360-observation
subset imply a mean of o X scale = 6.10 x 0.43 = 2.62
MWh/day, which differs marginally from the 365-observation
descriptive mean of 2.58 MWh/day due to the exclusion of
maintenance days. The Normal distribution with KS = 0.208
and AIC = 1042.2 exhibits the poorest performance among
the parametric candidates and is therefore unsuitable as a
modeling assumption for this installation.

TABLE IV
DISTRIBUTION FITTING RESULTS

A K-S
Distribution Parameters Statis- P-value AIC

Type tic Value

Normal n =262 o=1.02 0.208 < 0.001 1042.2
Log- Hin = 0.88, o1 =

Normal 0.47 0.182 < 0.001 1110.3

‘Weibull k=259, \=2.93 0.202 < 0.001 1039.6

Gamma a= 6%)0;133“16 = | 0173 | <0.001 | 10259

D. Variance Analysis and Temporal Correlation Structure

The autocorrelation function reveals statistically significant
temporal dependence at all seven lags (p1 = 0.592, ps =
0.511, ..., pr = 0.469), all exceeding the 95% confidence
bounds, as illustrated in Fig. 7. The fitted exponential de-
cay yields 7 = 5.51 days (p(k) ~ e~0!81%) indicating

that weather-induced anomalies persist for approximately 5—
6 days. Seasonal heteroscedasticity is also evident: dry-season
variance (02 = 1.86 MWh?/day?) exceeds transition-season
variance (02 = 0.42 MWh?/day?) by a factor of 4.4, driven by
the alternation of clear-sky and overcast days. These findings
have direct implications for energy storage dimensioning and
short-term dispatch scheduling.

0.8 4 Skewness y1 = 1.09
Excess Kurtosis y2 = 2.84
0.7 1
Modal class
[2.5-3.0) MWh/day
142 days (39.4%
0.6 - ys ( o)
z Normal fit (reference)
@ 0.5 {1=2.62,0=1.02
@ KS=0.208 AIC=1042.2
o
2
Z 041 Gamma fit
2 a=6.1, scale=0.43
3 KS=0.173 AIC=1025.9
£ 03
0.2 1
0.1
0.0

Daily Energy Production (MWh/day)
Fig. 7. Autocorrelation function of daily energy production

The sample autocorrelation function reveals statistically
significant temporal dependence at all seven lags (p; =
0.592, po = 0.511, ..., pr = 0.469), all exceeding the
95% confidence bounds, as summarized in Table V. The
fitted exponential decay yields a characteristic time con-
stant of 7 = 5.51 days, indicating that weather-induced
production anomalies persist approximately 5-6 days. Sea-
sonal heteroscedasticity is pronounced: dry-season variance
(02 = 1.86 MWh?/day?) exceeds transition-season variance
(0? = 0.42 MWh?/day?) by a factor of 4.4, while the
rainy season records the minimum (02 = 0.31 MWh?/day?).
These findings have direct implications for energy storage
dimensioning and short-term dispatch scheduling.

TABLE V
TEMPORAL CORRELATION ANALYSIS

Lag (Days) Au(t:ocorre:lation 95% Confidence
oefficient Interval
1 0.592 [0.489, 0.694]
2 0.511 [0.378, 0.645]
3 0.424 [0.271, 0.577]
4 0.511 [0.346, 0.675]
5 0.441 [0.260, 0.621]
6 0.453 [0.261, 0.644]
7 0.469 [0.266, 0.672]

V. DISCUSSION
A. Production Variability and Grid Integration Challenges

The coefficient of variation of 41.2% recorded at the
Carhuaquero plant reflects the pronounced stochasticity inher-
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ent to small-scale PV systems operating in tropical mountain
environments. This value exceeds the variability range of
25-35% reported for subtropical and high-altitude installa-
tions and markedly surpasses the lower coefficients of 15—
22% typical of systems in arid desert climates, where sta-
ble atmospheric conditions promote more uniform irradiance.
The sustained temporal clustering of consecutive high- and
low-production periods—evidenced by statistically significant
autocorrelation at all seven lags—further complicates short-
term energy dispatch planning, as production anomalies persist
over multi-day horizons of approximately 5—6 days. These
characteristics underscore the strategic value of co-locating the
PV plant with the Carhuaquero hydroelectric facility, whose
dispatchable generation capacity provides a natural comple-
ment to solar intermittency and supports baseload supply
continuity within the SEIN.

B. Seasonal Performance and Operational Strategy

The 162% increase relative to the minimum monthly ca-
pacity factor — from 0.13 (February 2025) to 0.34 (May
2024) — reflects the dominant modulation of solar resource
availability by the Andean hydrological cycle. The annual
average capacity factor of 0.19, calculated on the nominal
baseline of 13.566 MWh/day, characterizes the operational
yield of the system under the specific cloud-regime dynamics
of this high-altitude tropical site. The inverse relationship
between solar production and precipitation seasonality rein-
forces the operational synergy between PV and hydroelectric
generation: hydroelectric output is elevated during the rainy
season, when solar production reaches its minimum, while PV
generation peaks during the dry season, when reservoir inflows
are reduced. From an operations and maintenance perspective,
the low-production rainy-season months (December—February)
provide the optimal scheduling window for maintenance ac-
tivities, cleaning protocols, and system inspections, as system
unavailability during this period carries a comparatively lower
opportunity cost.

C. Statistical Modeling and Probabilistic Forecasting

The identification of the Gamma distribution as the best
relative approximation among the evaluated parametric models
supported by the lowest K-S statistic (0.173) and minimum
AIC score (1,025.9) reflects the strongly right-skewed, lep-
tokurtic nature of the production data (v; = 1.09, excess
kurtosis o = 2.84). Although all distributions are formally
rejected (p < 0.001) by the Kolmogorov—Smirnov test, the
Gamma model provides the most adequate representation of
the observed frequency structure. The pronounced positive
excess kurtosis indicates that the Normal distribution substan-
tially underestimates the frequency of high-output days in the
dry season, with practical implications for yield projections
and P90 revenue forecasting. The fitted Gamma parameters
(o = 6.10, scale = 0.43 MWh/day) provide a directly
applicable basis for Monte Carlo simulation, probabilistic
energy trading strategy development, and storage capacity
dimensioning under production uncertainty.

D. Benchmarking and Regional Context

The performance metrics derived from the Carhuaquero
dataset establish an empirical reference for the emerging
small-scale PV sector in the Peruvian Andes, where compa-
rable annual performance data remain scarce in the indexed
literature. The annual capacity factor of 0.19 and the tempo-
ral autocorrelation structure—characterized by a decay time
constant of 7 = 5.51 days—reflect the dominant influence of
persistent synoptic weather systems on multi-day production
variability at this site. These findings provide a quantitative
foundation for calibrating generation models employed in
SEIN integration studies and support the development of
evidence-based technical standards for small-scale PV deploy-
ment across the Andean region.

E. Study Limitations

First, the research did not include meteorological variables
such as in-plane irradiance, ambient temperature, or precip-
itation, limiting the analysis to statistical inference without
physical decomposition of production drivers. Second, the
dataset covers only one annual cycle, which may not fully
represent inter-annual variability or long-term degradation and
soiling effects. Third, generalizability is constrained by the
specific configuration of the Carhuaquero system, as well as
the local climatic conditions.

VI. CONCLUSION

This study of daily energy production at the Carhuaquero
Photovoltaic Solar Plant provides key insights into small-scale
solar performance in the Andean region of Peru. Analysis of
365 observations reveals high variability, with a coefficient
of variation of 41.2%, underscoring significant forecasting
and grid integration challenges. Temporal patterns confirm
sustained multi-day autocorrelation (7 = 5.51 days) and pro-
nounced seasonal transitions that inform operational decision-
making. Seasonal analysis indicates capacity factors ranging
from 0.13 to 0.34, reflecting the dominant influence of the
Andean hydrological cycle on solar resource availability. Dis-
tribution analysis identifies the Gamma model as the best-
fitting candidate, consistent with the right-skewed, leptokurtic
production distribution. Temporal correlation reveals persistent
weather-driven anomalies affecting energy storage dimension-
ing and dispatch scheduling. Overall, the results enhance the
understanding of photovoltaic performance in Andean envi-
ronments and provide data-driven benchmarks for operational
planning in Peru. These findings support adaptive strategies to
manage seasonal variability, optimize maintenance scheduling
during low-production periods, and inform the development
of regional technical standards. Future work should extend
the analysis to multiple sites and incorporate meteorological
variables to quantitatively decompose the drivers of production
variance.
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