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• Rising CO2 emissions have resulted in global warming and

climate change.

• Solution is to promote renewables and develop carbon

capturing techniques.

• Solar energy: 10,000 times greater than the world's total

energy consumption.

• Can be converted to electricity using Photovoltaic (PV)

and Concentrated Solar Power (CSP) technologies

• CSP has experienced significant growth in recent years

because:

• Thermal storage to cover resource uncertainty

• Dispatchable and provides flexibility to grids

• Compared to PV

• CSP is expensive – ways to make it cheaper?

• Optimizing the operational strategies of CSP plants is one

way of cost reduction.

In this work, an operational optimization strategy for CSP 

power plants was presented.

• The proposed methodology was divided into two phases

Phase 1: A deep learning model was developed and 

optimized to predict the DNI.

• The model was able to predict DNI with a percentage 

error of 1.18%.

• Since the value of DNI ranges from 0 – 1000 (W/m2),  a 

MAE of 14.7 is very accurate.

Contribution towards promoting AI for sustainability.

• A CSP plant has more than 10,000 mirrors and large

turbomachinery.

• Maintenance and mirror washing results in loss of power

production time, especially during peak DNI hours.

• Direct Normal Irradiance (DNI) – driving force of CSP

• Predict DNI to find ideal time to perform maintenance

activities.

• Schedule maintenance activities when predicted DNI is

not enough for the plant to operate at a reasonable

capacity.

• Do not schedule maintenance for periods when resource

is high.
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Scope (Phase 1)

Data Collection

Feature Explanation

DNI
Normal component of 

solar irradiance 

Day, Month, 

Year

Timestamp (2008 –

2021) 

Temperature Weather data 

Pressure Weather data 

GHI
Global component of 

solar resource

Solar Zenith Solar positioning angle

• National Renewable 

Energy Laboratory (NREL)

• Location: Boulder, 

Colorado

• Time series hourly data of 

14 years (2008 – 2021)

Model Building and Optimization

Artificial neural network architecture• Multilayer perceptron 

model

• Data Split

• Training: 2008 – 2020 

• Testing: 2021

• Hyperparameter Tuning 

• Optimizer

• Learning Rate 

• Activation Function

• Batch Size

• Number of Layers

• Nodes in Layers
Hyperparameter tuning: Optimizers

The 110-megawatt Crescent Dunes Solar Energy Facility in Nevada. Source: 

SolarReserve

Parameter Value

Mean Absolute Error 

(MAE)

14.7 

(W/m2)

Root Mean Square 

Error (RMSE)

27.4 

(W/m2)

Percentage Change 1.18% Future Work (Phase 2)

• Development of a case study for a commercial-scale 

CSP power plant using proposed strategy.

Optimized ANN architecture

Results for unseen testing data

Actual vs predicted DNI using unseen testing data
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