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Abstract 
Predictive solar tracking is most useful when the controller can respond to atmospheric changes without abandoning the known 
astronomical solar path. This study assesses multi-horizon forecasts of an irradiance-optimal effective sun position for Uyo, 
Nigeria, using 15 years of hourly NASA POWER data from 2010 to 2024. XGBoost, LSTM, Bi-LSTM, Transformer and a 
Hybrid Physics-ML residual model were evaluated at 1, 3, 6 and 24 h horizons, with persistence used as the baseline. The 
Hybrid model produced the lowest combined effective-position RMSE at every horizon: 1.089° at 1 h, 1.647° at 3 h, 2.341° at 
6 h and 4.087° at 24 h. A pvlib-based 10 kWp simulation gave mean annual AC energy values of 14,287 kWh/year for fixed 
tilt, 17,621 kWh/year for SPA-based single-axis tracking and 18,241 kWh/year for 1 h predictive tracking. The 1 h predictive 
case added 620 kWh/year above SPA tracking in the simulation, but the additional benefit declined sharply as forecast lead 
time increased. The findings support short-horizon atmospheric correction as a supervisory layer around deterministic solar 
tracking, while field measurements remain necessary before the simulated increment can be treated as a site-level operational 
gain. 

Keywords: predictive solar tracking; multi-horizon forecasting; effective sun position; energy yield; pvlib; machine learning; 
Niger Delta; photovoltaic systems 

1. Introduction 
Predictive solar tracking combines short-term forecasting with mechanical orientation control. Solar-forecasting literature 
consistently identifies lead time, baseline choice, atmospheric inputs and application-specific evaluation as important design 
considerations [1], [2]. Recurrent, ensemble and attention-based models have all been used for photovoltaic forecasting, 
although forecast accuracy matters most when it improves the operating objective of the energy system [3], [4]. 

The pvlib ecosystem provides established open-source implementations for solar-position calculation, tracker geometry, 
irradiance transposition and photovoltaic performance modelling [5], together with data-access tools for solar-resource analysis 
[6]. NASA POWER provides long-duration meteorological and solar-resource records for locations where dense ground 
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2.5 Research procedure 

The analysis followed five connected stages. Data acquisition and quality checks established a chronological hourly record. 
Cyclic time variables and astronomical quantities were derived only from information available at each timestamp. Solar 
position supplied the deterministic geometric reference, while the irradiance-based objective defined the effective-position 
target. Training and model selection used the training and validation intervals, and 2023 to 2024 was reserved for final 
evaluation. Angular forecasts were then converted through the tracker geometry and used in the photovoltaic simulation. 

2.6 Astronomical reference and effective-position target 

Solar zenith and azimuth are calculated for every timestamp with the pvlib solar-position implementation [5], using the Solar 
Position Algorithm as the astronomical reference [18]. Hourly temperature and pressure are supplied to the refraction 
calculation. Samples with solar zenith equal to or greater than 90° are excluded from target evaluation, although night-time 
observations may remain in historical sequence inputs. This screening leaves 57,148 daytime records for target-based analysis. 

The effective position is represented as a virtual zenith-azimuth pair whose corresponding admissible single-axis orientation 
maximizes simulated plane-of-array irradiance under the available all-sky irradiance components. It does not introduce a 
second actuator degree of freedom. The predicted virtual direction is passed through the same horizontal north-south single-
axis geometry used for the SPA reference, which produces the tracker rotation command. Astronomical position supplies the 
geometric reference, while direct and diffuse irradiance determine the energy-optimal correction within the admissible tracker 
range. 

Chronological separation is maintained between predictors and targets. Irradiance at the target timestamp is used only when 
constructing the effective-position label; it is not supplied as future information to the forecasting models. For an h-hour 
forecast, the feature history ends at time t and the target corresponds to time t+h. 

Δθሺtሻ ൌ θeffሺtሻ - θSPAሺtሻ    ሺ1ሻ 

Δφሺtሻ ൌ atan2ሼsinሾφeffሺtሻ - φSPAሺtሻሿ, cosሾφeffሺtሻ - φSPAሺtሻሿሽ    ሺ2ሻ 

Equations (1) and (2) define the residuals used by the Hybrid model. The zenith residual is the difference between the 
irradiance-optimal effective zenith and the SPA zenith. Azimuth is treated as a circular variable through the atan2 formulation 
in Equation (2), preventing a crossing between 0° and 360° from being interpreted as a large error. Trigonometric evaluation 
uses angular values in a consistent internal unit, and the resulting residual is reported in degrees. 

2.7 Chronological partitioning, leakage control and metrics 

The dataset is partitioned chronologically into 2010 to 2020 for training, 2021 to 2022 for validation and model selection, and 
2023 to 2024 for final testing. Random shuffling is not used. Scaling, feature transformations and model-selection decisions 
are fitted on the training interval and assessed on the validation interval before the test period is examined. Sequence models 
receive only observations available at the forecast origin. Bidirectional processing is confined to the historical input window 
and does not use samples after the prediction origin. This evaluation structure follows the causal requirements emphasized in 
short-term solar forecasting [1], [4]. 

MAE ൌ ሺ1/nሻ Σᵢ₌₁ⁿ |yᵢ - ŷᵢ|    ሺ3ሻ 

RMSE ൌ √ሾሺ1/nሻ Σᵢ₌₁ⁿ ሺyᵢ - ŷᵢሻ²ሿ    ሺ4ሻ 

R² ൌ 1 - ሾΣᵢ₌₁ⁿ ሺyᵢ - ŷᵢሻ² / Σᵢ₌₁ⁿ ሺyᵢ - ȳሻ²ሿ    ሺ5ሻ 

MAE and RMSE are reported in degrees, and R² is used as a descriptive measure of fit. Percentage angular error is not 
emphasized because the denominator can approach values that make percentage measures unstable or physically 
uninformative. Engineering interpretation is therefore based on angular error, forecast skill relative to persistence and the 
simulated energy yield associated with each tracking strategy. 

2.8 Forecasting models and horizons 

Table 2. Forecasting models and evaluation horizons 

Model Forecast formulation Horizons 

Persistence Current effective position 1, 3, 6, 24 h 

XGBoost Boosted-tree direct forecast 1, 3, 6, 24 h 

LSTM 24 h historical sequence 1, 3, 6, 24 h 
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Model Forecast formulation Horizons 

Bi-LSTM 24 h historical sequence 1, 3, 6, 24 h 

Transformer 48 h historical sequence 1, 3, 6, 24 h 

Hybrid Physics-ML SPA reference plus learned residual 1, 3, 6, 24 h 

 
All models in Table 2 are evaluated at the same four lead times and on the same chronologically isolated test period. LSTM 
and Bi-LSTM use 24 h historical windows, while the Transformer uses a 48 h historical window. The architecture recorded in 
Figure 3 uses two 128-unit LSTM layers for the LSTM model and 128-unit forward and backward recurrent branches for the 
Bi-LSTM model before dense output. Bidirectional processing remains inside the historical input window, preserving 
prospective forecasting causality [4], [9], [10]. Model-selection decisions are made on the validation interval rather than on the 
final test period. 

2.9 Predictive tracking and PV energy-yield simulation 

The application layer represents a 10 kWp monocrystalline photovoltaic system composed of 25 modules rated at 400 Wp. A 
constant inverter efficiency of 97.5%, a 2% soiling loss and a 1% wiring loss are applied to every configuration. Fixed tilt is 5° 
facing south. Conventional tracking follows horizontal single-axis geometry driven by SPA solar position, while predictive 
tracking passes the forecast effective position through the same geometry. These common assumptions keep the comparison 
focused on orientation strategy. Solar geometry and photovoltaic calculations are implemented with pvlib [5], [6], [18]. Results 
from 2023 and 2024 are reported as mean annual energy, obtained by averaging the annual outputs of the two test years. The 
resulting yields are comparative simulation outputs rather than field-certified production estimates. 

RMSE_comb ൌ √ሺRMSE_θ² ൅ RMSE_φ²ሻ                                                    ሺ6ሻ 

SS ൌ 1 - ሺRMSE_model / RMSE_baseሻ                                                ሺ7ሻ 

CF ൌ E_AC / ሺP_rated ൈ 8760ሻ                                                      ሺ8ሻ 

G_yield ൌ 100 ൈ ሺE_track - E_fixedሻ / E_fixed                                    ሺ9ሻ 

Equation (6) combines zenith and azimuth RMSE into a single angular index. Equation (7) defines forecast skill relative to 
persistence, Equation (8) defines annual capacity factor, and Equation (9) gives energy-yield gain relative to fixed tilt. Angular 
accuracy and simulated energy production are kept as separate measures because a small change in angular error does not 
necessarily translate into a proportionate change in annual energy. 

3. Results 

3.1 Forecast accuracy across horizons 

Combined RMSE rises steadily with forecast lead time. Hybrid Physics-ML gives the lowest error in Table 3 at every horizon. 
XGBoost records 1.921° at 1 h, slightly above the 1.842° persistence error, but improves on persistence from 3 h onward. 
Sequence-based and physics-guided models therefore give the lowest short-horizon errors in this dataset. 

Forecast error rises appreciably as the prediction horizon lengthens (Figure 4). Hybrid Physics-ML and the Transformer remain 
the two most accurate models across all four horizons, and both retain lower 24 h error than persistence. The energy analysis 
nevertheless indicates that the residual angular advantage at 24 h adds very little annual energy. 

Hybrid Physics-ML retains positive skill over persistence at every horizon, reaching 40.9%, 49.2%, 54.3% and 51.4% at 1, 3, 6 
and 24 h, respectively (Table 4). XGBoost is slightly worse than persistence at 1 h but becomes progressively better at the 
longer horizons. 

The skill profiles remain positive for Hybrid Physics-ML and the Transformer across all four lead times (Figure 5). Hybrid 
Physics-ML records the highest skill throughout. XGBoost is the only learned model with negative skill at 1 h, which confirms 
the value of retaining a simple persistence benchmark in short-horizon forecasting. 

 

Table 3. Combined effective-position RMSE across forecast horizons 

Model 1 h (°) 3 h (°) 6 h (°) 24 h (°) 

Persistence 1.842 3.241 5.124 8.412 
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Model Forecast formulation Historical input Predicted quantity 

XGBoost Boosted-tree direct forecast Forecast-origin feature vector 
Effective-position 
target 

LSTM Recurrent sequence forecast 24 h sequence 
Effective-position 
target 

Bi-LSTM 
Bidirectional recurrent sequence 
forecast 

24 h historical sequence 
Effective-position 
target 

Transformer 
Attention-based sequence 
forecast 

48 h historical sequence 
Effective-position 
target 

Hybrid 
Physics-ML 

SPA reference plus learned 
residual 

Forecast-origin features and 
SPA reference 

Zenith and circular-
azimuth residuals 

 
The principal modelling choices are consolidated in Table 9 so that forecast formulation, historical input length and predicted 
quantity can be compared directly across the five learned models. Hardware-dependent execution time is deliberately excluded 
because it is not a portable property of a model. 

At 1 h, Hybrid Physics-ML records the lowest RMSE, 1.089°, and the highest skill over persistence, 40.9%. The Transformer 
follows at 1.187° RMSE and 35.6% skill, while XGBoost is slightly worse than persistence (Table 10). The 1 h RMSE 
comparison is presented in Figure 9. Accuracy is emphasized because execution time depends on hardware, software and 
measurement procedure and cannot be interpreted as a portable model property. 

 

 

 

 

Table 10. One-hour accuracy of the principal forecasting models 

Model 1 h RMSE (°) 
Skill vs 
persistence (%) 

1 h ranking Baseline comparison 

XGBoost 1.921 -4.3 5 Below persistence 

LSTM 1.521 17.4 4 Above persistence 

Bi-LSTM 1.347 26.9 3 Above persistence 

Transformer 1.187 35.6 2 Above persistence 

Hybrid Physics-ML 1.089 40.9 1 Above persistence 
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6. Conclusion 
Multi-horizon effective-position forecasting was evaluated for predictive solar tracking in Uyo using a 15-year NASA POWER 
record. Hybrid Physics-ML produced the lowest combined RMSE at each forecast horizon, with values of 1.089°, 1.647°, 
2.341° and 4.087° at 1, 3, 6 and 24 h. Mean annual simulated output was 14,287 kWh/year for fixed tilt, 17,621 kWh/year for 
SPA-based tracking and 18,241 kWh/year for 1 h predictive tracking. The additional simulated gain over SPA tracking was 
620 kWh/year at 1 h and declined sharply with lead time. Under the stated assumptions, short-horizon atmosphere-aware 
correction offers the strongest predictive benefit. Field measurements are still required to determine the net gain after 
mechanical, electrical and site-specific losses are included. 
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