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Abstract—This paper presents a systematic comparison of
spatial interpolation methods for reconstructing missing solar
irradiance data on quasi-regular latitude–longitude grids. Using
PVGIS-derived datasets, we evaluate interpolation performance
under realistic missing-data scenarios, including (M1) random
removal, (M2) contiguous gaps, and (M3) regular-grid thinning.
A reproducible evaluation pipeline is used to apply k-nearest
neighbors, inverse distance weighting, and analytical grid-based
methods (linear, nearest) across multiple regions, orientations,
and hyperparameter settings. Reconstruction accuracy is assessed
using standard pointwise error metrics. Across all scenarios, K-
Nearest Neighbors consistently outperforms alternative methods,
demonstrating lower reconstruction errors and higher explana-
tory power even at increased levels of data removal. The results
highlight method-dependent performance trends and trade-offs
under different missing-data patterns. The results provide practi-
cal guidance for interpolation method selection in solar resource
assessment and renewable energy applications.

Index Terms—renewable energy, solar irradiance, spatial in-
terpolation, missing data reconstruction, testing protocol, KNN

I. INTRODUCTION

Solar irradiance data are a key input for renewable en-
ergy applications such as photovoltaic (PV) power forecast-
ing, energy system operation, and PV system design and
operation [1], [2]. These data are obtained from satellite
or ground measurement networks but are often incomplete
due to sensor failures and communication outages [3], as
well as limited station density due to economic constraints
[4]. In addition, many operational tasks require irradiance
estimates at locations or spatial resolutions that are not directly
observed. Consequently, spatial interpolation and gap-filling
of solar irradiance data are essential in both research [5]
and energy system operation [6]. A wide range of methods
has been proposed, including classical spatial interpolation
techniques such as inverse distance weighting (IDW), and
splines [2], as well as multivariate imputation and regression-
based approaches [4]. More recently, machine learning models
[7]–[9] have been applied to irradiance reconstruction, while
ensemble methods such as random forests, kriging Gaussian
process regression are also used for spatial interpolation in
environmental applications [1]. Despite this methodological

diversity, existing studies typically focus on specific methods
or datasets, often using inconsistent experimental setups and
missing-data assumptions. As a result, their findings are diffi-
cult to compare and generalize. In contrast, this work provides
a structured and reproducible evaluation framework that en-
ables consistent comparison across methods under controlled
and application-relevant missing-data scenarios [10]. Using
quasi-regular latitude–longitude grids derived from the PVGIS
database [11], we construct missing-data scenarios that reflect
common operational conditions, including random removal,
spatially contiguous gaps, and regular-grid thinning (Fig. 1).
Multiple interpolation methods are evaluated under identical
conditions and systematic hyperparameter variations, enabling
a fair comparison. The main contributions of this work are:

• A standardized comparison of widely used spatial inter-
polation methods for solar irradiance gap-filling under
consistent experimental conditions.

• A systematic evaluation of interpolation performance
under realistic spatial missing-data scenarios, including
random removal, spatially contiguous gaps, and struc-
tured thinning.

• An assessment framework that isolates method perfor-
mance differences under identical datasets, preprocessing
steps, and hyperparameter settings.

• Practical guidance for selecting interpolation methods
in solar energy and energy system applications, based
on observed performance across different missing-data
scenarios.

The code and data used in this study will be made available
upon request.

II. GROUND TRUTH AND MISSING DATA

A. Dataset retrieval and preprocessing

To compare the interpolation methodologies mentioned in
the Introduction, an irradiance dataset was purposefully cre-
ated to replicate a measurement campaign. The dataset for this
work was created using data from the PVGIS data source [11].
Specifically, the Piedmont region in Italy was selected for the
analysis. The region has been rastered on a grid where the



Fig. 1. Overview of the experimental workflow. Missing-data scenarios are
generated from PVGIS data, reconstructed using spatial interpolation methods,
and evaluated using pointwise error metrics.

distance between two centroids of each couple of adjacent
raster cells was fixed at 2.5 km [12]. As a consequence,
quasi regular-grids were obtained due to reprojection effects
of the rasters to a geographic Coordinate Reference System
(CRS). With the longitude and latitude data of the centroids,
solar irradiance data were retrieved from PVGIS-SARAH3
database [13] through the available API [14] by considering
the time horizon 2005–2023, a time resolution of one hour,
and the tilt and azimuth angles of θ = {0◦, 30◦, 60◦, 90◦}
and ϕ = {−60◦,−30◦, 0◦, 30◦, 60◦}, respectively. At this
stage, a Typical Meteorological Year (TMY) was generated
for each combination of tilt-azimuth angles for each centroid
by adopting the methodology of the ISO standard [15] to select
the months to form the reference year. Finally, the TMY time
series were assigned to virtual stations located at the centroid
coordinates. To avoid biasing both interpolation and error
metrics, we discard night-time samples for which irradiance
is constantly zero (between 21:00 and 04:00). We regard
the dataset as a 5D spatio-temporal grid where dimensions
correspond to: latitude and longitude (the 2D spatial index is
denoted by x), time (t), tilt (θ) and azimuth (ϕ). To simplify
notation, we introduce the composite index as:

q := (x, t, θ, ϕ), (1)

where x ∈ L denotes a removed spatial location, t ∈ T a
daylight time step, θ ∈ Σtilt a tilt angle, and ϕ ∈ Σaz an
azimuth angle. Let Q = L × T × Σtilt × Σaz be the set of
all evaluated samples, with cardinality |Q| = N . Observed
and reconstructed irradiance values are denoted by z(q) and
ẑ(q), respectively. Although the data are defined on a 5D
grid, all interpolation methods operate on two-dimensional
latitude–longitude lattices. A removed location is defined as
a spatial location x for which all corresponding tilt, azimuth,
and temporal values are jointly removed.

B. Point removal strategies

Missing data in solar irradiance measurements arise from
infrastructural and operational failures, resulting in distinct
spatial missing-data patterns (scenarios (M1)–(M3)). Because
these patterns induce different spatial structures, interpolation
performance depends on the underlying missing-data mech-
anism [16]. To capture this, three complementary missing-
data generation strategies are defined. Spatial interpolation
is evaluated under controlled conditions by masking a target
fraction p ∈ {5%, 15%, 25%} of station locations. For each
configuration, the unmasked dataset is retained as ground
truth and identical masks are applied across all methods
to ensure fair comparison. Examples of the removal masks
are seen on Fig. 2. The removal strategies probe robustness
under different spatial distributions, with emphasis on spatial
clustering. In addition to increasing error with higher removal
fractions, the effect of contiguous gap size is analyzed. For
each scenario, a single realization of the removal mask is
used across all methods, resulting in deterministic results for
each configuration. Variability across multiple realizations is
not considered and will be addressed in future work.

(M1) Random station removal: This scenario models
unstructured and spatially scattered data loss, such as isolated
sensor malfunctions, transient calibration errors, or quality-
control filtering that removes individual stations without in-
ducing spatially coherent gaps [17]. We uniformly sample R
stations without replacement and remove all corresponding
measurements (for all orientations and time steps). This base-
line represents unstructured outages and provides a reference
for comparison.

(M2) Contiguous-gap removal via non-overlapping cir-
cles: This scenario represents spatially contiguous outages
caused by localized operational failures, such as sensor dam-
age, shared communication or power interruptions, or tempo-
rary shutdowns affecting one or more neighboring stations,
which result in continuous spatial gaps that must be recon-
structed from surrounding observations [18]. To evaluate in-
terpolation performance under continuous missing regions, we
generate k non-overlapping circular gaps, with k ∈ {2, 3, 4}
fixed per experiment. For a given removal fraction p, the
circle radius r is estimated from (p, k) based on local station
density so that the expected number of removed stations equals
R. Circle centers are selected uniformly at random under a
non-overlap constraint, and all stations within radius r are
removed. Due to irregular region boundaries, the achieved
removal fraction may deviate from p. The radius r is therefore
iteratively adjusted until exactly R stations are removed. This
procedure produces contiguous gaps with increasing sizes as
k decreases.

(M3) Regular-grid removal: This scenario represents sys-
tematic spatial thinning, as encountered in sparse measurement
networks or when irradiance data are required at a coarser or
more uniform spatial resolution [16]. We generate a regular
pattern of missing locations by removing stations according
to a spatial lattice with spacing q. The spacing is estimated



Fig. 2. Missing-data scenarios (columns): (M1) random removal, (M2) con-
tiguous gaps, and (M3) regular-grid removal. Rows correspond to removed-
point fractions (p ∈ {5%, 15%, 25%}). A 5 km × 5 km subregion of the
Piedmont dataset. Due to the limited number of grid points, some gaps are
malformed for (M2). In the 25% (M3) case, additional points are clustered
along a single row to meet the target removal fraction.

from the target removal fraction p using the heuristic

p ≈ 1

q2
, (2)

which corresponds to removing approximately one station per
q2 neighborhood. The lattice is overlaid on the station coor-
dinates, and the nearest station to each grid node is removed,
producing an approximately uniform subsampling pattern. Due
to irregular station placement, the achieved removal fraction
may deviate from p; the grid is therefore iteratively refined
until the target number of removed stations is reached, while
preserving spatial regularity.

III. MISSING DATA RECONSTRUCTION AND EVALUATION

This section describes the interpolation methods and evalua-
tion procedure. The workflow consists of generating missing-
data scenarios, applying interpolation methods, and evaluat-
ing reconstruction accuracy against ground truth. To assess
robustness under varying data removal scenarios, we evaluate
a set of interpolation methods with different assumptions on
spatial smoothness, locality, and functional form, enabling
comparison between grid-based and adaptive approaches. All
methods operate purely in the spatial domain x and are
applied independently on fixed time, tilt, and azimuth slices
(t, θ, ϕ), avoiding coupling across dimensions. Empirically
selected hyperparameter-combinations are tested for the K-
Nearest Neighbors (KNN), IDW and Moving Least Squares

(MLS) methods using an exhaustive search. We denote hyper-
parameter combinations as C1–C6 in the order of evaluation
(see Tab. I). In the following sections, we denote the distance-
based weighting function with w(·) and the local neighborhood
of observations as N (x).

A. Reconstruction methods

This section describes the interpolation methods and evalu-
ation procedure used in this study. The workflow consists of
generating missing-data scenarios, applying spatial interpola-
tion methods, and evaluating reconstruction accuracy against
ground truth observations.

Analytical Grid-Based Interpolation: Analytical grid-
based interpolation methods reconstruct missing values using
deterministic schemes defined on a structured spatial grid. In
this work, we consider nearest-neighbor interpolation (assign-
ing the value of the closest grid point), and linear interpolation
(bilinear interpolation on the grid). Higher-order methods such
as cubic, spline, polynomial, and Akima interpolation are not
considered, as they tend to be unstable and to over-smooth the
field when large data gaps are present [19]. These methods
assume a quasi-regular latitude–longitude grid and exploit its
topology to achieve high computational efficiency and full
reproducibility, making them well suited to gridded products
such as PVGIS. The low-order schemes considered here are
particularly robust for large missing regions and provide fast,
deterministic baselines for comparison [19].

K-Nearest Neighbors: KNN estimates the value at a
missing location x using the k spatially closest grid points.
The interpolated value at a missing location x is computed as:

ẑ(x) =

∑
i∈NK(x)

w(d(x,xi)) z(xi)∑
i∈NK(x)

w(d(x,xi))
, w(d) =

1

(d+ ε)α
,

(3)
where NK(x) denotes the set of K nearest neighbors. d(·, ·)
is the Euclidean distance, α controls distance decay, and ε
is a small stabilizer [20]. In our implementation, neighbor
search is performed once per missing-point mask using a
KD-tree built on the valid coordinate set. For each missing
location, we cache the indices and distances of its K nearest
neighbors. Distances are computed using Euclidean distance.
Three neighborhood sizes were tested with K ∈ {2, 3, · · · , 7}.

Inverse Distance Weighting: The interpolated value at
location x is computed as a distance-weighted average of
nearby observations:

ẑ(x) =

∑
i∈NM (x)

z(xi) d(x,xi)
−s

∑
i∈NM (x)

d(x,xi)−s
, (4)

where s > 0 controls the rate of distance decay, with larger
values of s increasing the influence of closer observations.
IDW takes spatial proximity into account, is simple to im-
plement, and is computationally efficient, making it a widely
used baseline in spatial interpolation [21]. The method does
not impose global smoothness assumptions, thus may produce



TABLE I
HYPERPARAMETER COMBINATIONS FOR EACH METHOD, EVALUATED VIA

EXHAUSTIVE SEARCH. PARAMETER VALUES WERE SELECTED
EMPIRICALLY.

Method C1 C2 C3 C4 C5 C6

KNN (K) 2 3 4 5 6 7
IDW (M, s) 2,2 2,3 3,2 3,3 4,2 4,3
MLS (L,w) 30,gauss 30,inv 50,gauss 50,inv 80,gauss 80,inv
Linear / Nearest – – – – – –

locally varying surfaces depending on point density. Neighbor
search is restricted to a fixed number of nearest valid points
(M ∈ {2, 3, 4}) and distance-decay parameters s ∈ {2, 3}.

Moving Least Squares: Moving Least Squares interpola-
tion estimates the value at a target location by fitting a local
polynomial model to nearby observations using a weighted
least-squares criterion. For a target point x, the interpolated
value is defined as:

ẑ(x) = p(x)⊤β(x), (5)

where p(x) is the polynomial basis and β(x) are the locally
fitted coefficients obtained by minimizing:

β(x) = argmin
β

∑
i∈NL(x)

w(d(x,xi);σ)
[
z(xi)− p(xi)

⊤β
]2

.

(6)
where w(·) is a distance-based weighting function control-
ling the influence of neighboring observations. MLS provides
smooth reconstruction that preserves local trends. Four hyper-
parameter configurations were considered, all using a first-
order local polynomial, but varying the number of neigh-
bors and the weighting function. Specifically, configurations
included 30, 50, and 80 neighbors (L), inverse-distance or
Gaussian weighting kernels (abbreviated as inv and gauss,
respectively), and a fixed smoothing parameter σ = 0.5.

Although KNN, IDW, and MLS all rely on local neigh-
borhoods, they differ in the way spatial information is used.
KNN defines locality by neighbor rank and performs local
averaging without an explicit distance scale. IDW extends this
concept by introducing a continuous distance-decay model,
assigning lower influence to more distant observations. MLS
departs from averaging altogether by fitting a local polynomial
model, enabling the reconstruction of smooth spatial trends.
In contrast, analytical grid-based methods do not operate on
point geometry but exploit the fixed grid topology, producing
deterministic results.

B. Evaluation metrics

Interpolation performance is evaluated using standard point-
wise error metrics computed exclusively at spatial locations
that were removed, using the original observations as ground
truth. For each experimental configuration, errors are averaged
across all tilt angles, azimuths, daylight time steps, and re-
moved spatial locations. All metrics are computed consistently
across methods using identical missing-data masks.

Mean Absolute Error (MAE): MAE measures the average
magnitude of reconstruction errors, treating all deviations
equally providing typical absolute error.

MAE =
1

N

∑
q∈Q

|ẑ(q)− z(q)| . (7)

Root Mean Squared Error (RMSE): RMSE penalizes
large errors more strongly than MAE and is sensitive to
outliers.

RMSE =

√
1

N

∑
q∈Q

(ẑ(q)− z(q))
2
. (8)

Mean Bias Error (MBE): MBE quantifies systematic
overestimation (positive values) or underestimation (negative
values).

MBE =
1

N

∑
q∈Q

(ẑ(q)− z(q)) . (9)

Coefficient of Determination (R2): The coefficient of
determination measures the proportion of variance in the
observed data explained by the reconstruction, with values in
(−∞, 1], R2 = 1 indicating perfect agreement.

R2 = 1−

∑
q∈Q

(ẑ(q)− z(q))
2

∑
q∈Q

(z(q)− z̄)
2 , (10)

where z̄ = 1
N

∑
q∈Q z(q) denotes the mean observed irradi-

ance over all evaluated samples.
Mean Absolute Percentage Error (MAPE): MAPE mea-

sures the relative reconstruction error as a percentage of the
observed values:

MAPE =
100

N

∑
q∈Q

∣∣∣∣ ẑ(q)− z(q)

z(q)

∣∣∣∣ . (11)

To avoid numerical instability and inflated errors at low
irradiance values, MAPE is computed only for samples where
z(q) > 10W/m2.

IV. RESULTS AND DISCUSSION

Experimental results are summarized in Fig. 3 and Tab. II.
Error bars reflect variability across spatial locations, time steps,
and orientations. For each scenario, a single deterministic
missing-data realization is used, enabling controlled compar-
ison between methods but not capturing variability across
different random masks. This limitation will be addressed
in future work through multiple realizations and statistical
analysis.

Across all scenarios (M1)–(M3), KNN achieves the lowest
errors, with MAE increasing from 47W/m2 to 63W/m2 and
MAPE around 50%. All metrics show consistent trends. Other
methods (MLS, IDW, linear, nearest) exhibit similar but higher
errors (MAE 95W/m2–110W/m2) with stable ranking. Per-
formance depends on the missing-data scenario (see Fig. 4).
For random removal (M1), error remains stable as removal
increases, but the optimal KNN configuration shifts from



TABLE II
MAE (W/m2) BY INTERPOLATION METHOD, MISSING-DATA GENERATION STRATEGIES, AND REMOVED-POINT FRACTION.

(M1) Random removal (M2) Contiguous gaps (M3) Regular-grid removal

Model k = 2 k = 3 k = 4

5% 15% 25% 5% 15% 25% 5% 15% 25% 5% 15% 25% 5% 15% 25%

KNN 38.35 42.20 40.90 60.63 62.68 75.51 47.77 68.93 71.62 40.65 61.02 74.95 48.65 51.77 51.85
MLS 96.67 96.89 96.70 98.84 100.51 129.91 94.86 99.77 106.95 97.37 106.10 106.66 96.81 97.50 97.99
Linear 102.70 102.57 102.92 95.21 102.54 98.85 101.90 97.95 97.71 103.47 100.25 99.35 100.64 101.07 101.48
IDW 105.02 105.32 105.67 110.76 117.41 117.77 109.10 114.77 116.65 111.35 112.91 114.80 105.79 105.50 106.43
Nearest 106.89 107.10 107.54 102.31 108.94 106.33 106.90 105.49 105.74 108.59 106.70 106.32 104.54 105.50 105.85

Fig. 3. Reconstruction error under different missing-data fractions and
missing-data generation strategies. Columns correspond to pointwise MAE,
RMSE, MBE, R2, and MAPE. The bars report mean values across hyperpa-
rameter configurations with error bars indicating variability across location,
azimuth and tilt.

smaller to larger neighborhoods (K = 4 → 7). For regular-
grid removal (M3), errors increase gradually. Contiguous-gap
removal (M2) leads to the strongest degradation, consistently
favoring larger neighborhoods (K = 7). These results indicate
strong spatial correlation in irradiance data: reconstruction
remains reliable when nearby observations are available, but
degrades as the distance to known points increases. Runtime
of the methods was measured on a standard workstation

Fig. 4. Regression analysis results for selected removal types and best
performing models for a subset of 5000 points

(Intel i7-6920HQ, 48GB RAM) for a representative scenario
(5% removal, 2 contiguous gaps). KNN is both accurate and
computationally efficient (10.2 s), comparable to IDW (11.4 s)
and nearest-neighbor (11.1 s). In contrast, MLS (46.8 s) and
linear interpolation (47.3 s) are significantly slower in the
current implementation, despite their analytical formulation.
From an application perspective, KNN is recommended for all
missing data scenarios, with larger neighborhoods improving
performance in for contiguous and regular-grid gaps. Linear
and nearest-neighbor methods are fast baselines with larger
errors, while MLS and IDW enable smoother reconstructions
but are more sensitive to hyperparameters (see Fig. 5). For
IDW, larger weighting exponents improve accuracy, while
increasing the MLS neighborhood size reduces error.

V. CONCLUSION

This paper presents a comparison of widely used spatial
interpolation methods for reconstructing missing solar irra-
diance data on quasi-regular latitude–longitude grids using



Fig. 5. Distributions of MAE across hyperparameter combinations (C1 − C6) for different interpolation methods and missing-point fractions (see Tab. I).
Error distributions are shown for each method and configuration.

PVGIS-derived datasets. Interpolation performance was eval-
uated under controlled missing-data scenarios. Three missing-
data generation strategies—random removal, spatially contigu-
ous gaps, and regular-grid thinning—were considered with
removal fractions between 5% and 25%, and performance
was assessed using standard error metrics. According to the
findings, KNN consistently achieved the most accurate recon-
structions, maintaining superior performance as data sparsity
increased. The geometry of missing data significantly influence
interpolation accuracy, however the fraction has a smaller
impact on it. This study is limited to spatial location removal
and a set of classical interpolation methods. Future work
will extend the framework to orientation-dependent gaps,
advanced approaches (e.g., geostatistical and machine learning
methods), and multiple missing-data realizations to enable
statistical evaluation (mean and standard deviation).
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