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Abstract

The Republic of the Congo is facing significant challenges in terms of access to electricity, 
particularly in the extensive rural and remote areas. A reliable assessment of solar resources 
and photovoltaic (PV) potential is needed to support the development of decentralized 
sustainable energy solutions. This study evaluates the potential for photovoltaic electricity 
production in Brazzaville based on in situ radiation measurements. The potential was 
extended across the country using satellite data from SolarGIS through calibration, although 
this requires further validation of satellite data in certain transition zones, ranging from the 
southern savannas to the dense equatorial forests in the north of the country. Measurements 
taken over a year at the Cité Scientifique de Brazzaville using LP02 and CS300 pyranometers 
were compared to SolarGIS estimates using statistical performance indicators. There is 
better agreement between these sensors, with R2  = 0.80 and an RMSE = 0.47 kWh/m2 /day. 
However, we observed between the SolarGIS data and the LP02 measurements an R2  = 0.91 
and an RMSE = 0.17 kWh/m2 /day (3.8%), whereas with the CS300 we obtained R2  = 0.77 
and RMSE = 0.59 kWh/m2 /day (14%), which shows a better performance of LP02 compared 
with CS300. In terms of photovoltaic energy production, the average photovoltaic solar 
yield was estimated at 3.9 kWh/kWp/day for the LP02 and 3.5 kWh/kWp/day for the 
CS300, with an annual yield of approximately 1424 kWh/kWp for the LP02, corresponding 
to estimated discrepancies in photovoltaic production of 0.14 kWh/kWp/day. Based on 
this, we estimated that a 50 kWp photovoltaic solar system would produce approximately 
an annual power of 71,200 kWh, which would supply 285 households for a village. These 
results confirm both the significant potential of solar photovoltaics for decentralized rural 
electrification and the usefulness of calibrated SolarGIS data for assessing solar resources in 
areas with limited site-level data. These efforts align well with the planning and investment 
needs deployed by the Republic of Congo to ensure sustainable electrification of rural areas 
(PND 2022–2026; National Energy Pact (NEP) and Mission 300).

Keywords: solar potential; Republic of the Congo; global horizontal irradiance (GHI) 
measurement data; SolarGIS; photovoltaic energy; rural electrification
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1. Introduction
The global energy system is currently undergoing a profound transformation aimed at 

achieving more sustainable energy systems. The energy transition increasingly involves a 
gradual shift away from non-renewable sources toward renewable and environmentally 
friendly generation, with considerable economic and social implications [1]. The devel-
opment of renewable energy sources is not only regarded as being an important pathway 
to achieving Sustainable Development Goal 7 ‘access to affordable, reliable, sustainable 
and modern energy for all’, but also as a means for reducing greenhouse gas emissions 
and decreasing dependence on fossil fuels, particularly in the context of international cli-
mate commitments [2]. Achieving an effective and inclusive energy transition requires 
realistic decarbonization strategies that account for differences among countries in terms of 
technological capabilities, economic conditions, and development priorities [3]. Moreover, 
especially for communities that lack access to electricity, the transition toward low-carbon 
energy systems can also contribute to broader sustainable development objectives, including 
environmental protection, economic development, and social well-being [4].

In the context of the rapidly increasing energy demand in Africa, there is a pressing 
need to meet both future energy needs and to generate electricity sustainably [5–7]. Current 
energy research in Africa converges on a common concern: the imbalance between energy 
supply and demand in Africa [6], a gap that is projected to widen significantly in the near 
future [8]. For instance, a study conducted in Ghana examined the role of renewable energy 
in diversifying the national energy mix to meet rising demand, largely driven by sustained 
economic growth. Additionally, energy imports continue to negatively impact national 
economies even though previous research [9] has demonstrated a unidirectional causality 
between economic growth and energy consumption. Taken together, these environmental, 
social, and economic drivers highlight the need for alternative energy sources that are both 
sustainable and economically viable.

In the Republic of the Congo, improving access to reliable and affordable electricity re-
mains an important challenge for financially achievable sustainable development. Although 
electricity access has increased over time, significant disparities persist between urban and 
rural areas, with an electricity access rate of approximately 67% for the urban population 
compared with only 12.4% for the rural population. This persistent urban–rural gap high-
lights the need to expand electricity infrastructure while developing decentralized energy 
solutions for communities that remain inadequately served by the national electricity grid. 
Recent initiatives aimed at improving electricity access and strengthening the electricity 
sector further demonstrate the importance attached at the national level to energy access 
and energy infrastructure development [10]. This substantial energy availability positions 
solar power as a viable option for decentralized generation in remote rural communities 
and for reducing dependence on fossil fuels in the Republic of the Congo.

Electricity generation in the Republic of the Congo is mainly from natural gas power 
plants (~500 MW) and, to a lesser extent, from hydroelectricity (~250 MW). However, this 
capacity is insufficient to meet the country’s growing energy needs and requires transmission 
infrastructure to reach all potential users. Consequently, the government of the Republic of 
the Congo is considering, as part of a national project, making production investments for 
an installed capacity of at least 2953 MW using renewable energy sources (hydroelectricity, 
solar, biomass, etc.). Within this plan, photovoltaic solar power plants will produce 89.5 MW 
by 2030, thereby requiring an accurate evaluation of the solar potential of the Republic of 
the Congo [11].

The ambition to develop the renewable energy sector dates back to 2010, followed in 
2017 by a second national policy letter that reformed the public electricity sector. Finally, the 
latest, adopted in 2025, paves the way for planning access to modern, clean, and affordable 
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energy in the isolated rural areas of Congo. This policy supports the National Development 
Plan (NDP) 2022–2026, which was approved by Law n°3-2022 of 14 January 2022. This 
document explicitly integrates rural electrification as a lever for agricultural, social, and 
territorial development, particularly through its sub-programs on “energy and agricultural 
hydraulics” for the electrification and irrigation of production basins [12].

Indeed, the National Energy Pact (NEP) and the Mission 300 initiative serve as bench-
marks and evidence that rural electrification through solar solutions and investments in 
off-grid systems in the Republic of Congo will be national objectives to be achieved by 2030. 
Congo aims to increase the electricity access rate, currently at 32%, to 81%, with 90% in 
urban areas and 50% in rural areas, focusing on localities with more than 1000 inhabitants. 
This will require approximately 79,000 additional rural connections, or 16,000 connections 
per year. Regarding the specific role of solar energy, the NEP is unequivocal: access to 
electricity in rural areas will be achieved through autonomous solar systems (90%) and 
through mini-grids (10%). This provision grants photovoltaic solar technology the status of 
a privileged and almost exclusive technology for the electrification of isolated rural areas in 
the Republic of the Congo. Furthermore, the Government is committed to maintaining its 
share of renewable energies at 33% through investments in hydropower and autonomous so-
lar systems, and to strengthening and modernizing the electricity transport and distribution 
infrastructure. In terms of financing, the public sector is expected to invest $3276 million by 
2030 in off-grid solar systems, mini-grids, and clean cooking, with an effort shared equally. 
The total financing amounts to $11.543 billion, with 71.6% from private sources and 28.4% 
from public sources [13].

Despite this considerable potential and strong policy commitment, reliable ground-
based measurements of solar radiation remain scarce in the Republic of the Congo. The 
limited availability of long-term, high-quality in situ observations constitutes an important 
constraint for better characterizing the solar resource and supporting the planning and 
development of photovoltaic projects. In regions where ground measurements are sparse, 
satellite-derived databases such as SolarGIS provide valuable information on the spatial and 
temporal distribution of solar radiation and can therefore support preliminary solar-resource 
assessment. However, the accuracy of satellite-derived estimates may vary according to 
geographical location, atmospheric conditions, temporal resolution, and the characteristics 
of the underlying models. Consequently, systematic validation against ground-based 
observations is necessary before such datasets are used for detailed energy planning and 
PV system design.

Numerous studies have undertaken such validation efforts. For example, in [14], the 
authors conducted a calibration study comparing satellite estimates with pyranometer 
data at two sites in Puerto Rico, reporting strong agreement (R2  = 0.83–0.88). Similarly, 
in [15], the authors evaluated eight satellite-based solar radiation products across Central 
Africa, finding a general overestimation by satellite data but also showing that satellite 
estimates outperformed reanalysis products such as ERA-5 for both interannual and sub-
daily timescales. Further, comparisons between CLARA-A1 and CLARA-A2 satellites 
revealed average absolute deviations of 8 W/m2  [16], while in [17], the authors validated 
MERRA-2 satellite products using data from 37 ground stations, with deviations of around 
5 W/m2  under clear-sky conditions. These studies primarily assessed daily and monthly 
solar radiation performance at regional and national levels.

Amine Ouhechou et al. estimated for the first time the spatial and temporal pat-
terns of incoming solar radiation in Central Africa, comparing eight gridded products 
(namely CERES-EBAF, CERES-SYN1deg, TPDC, CMSAF SARAH-2, CMSAF CLARA-A2, 
CAMS-JADE satellite products), as well as ERA5 reanalysis and WorldClim 2 interpolated 
measurements) and station-based estimates (FAOCLIM 2) or measurements. There is no 
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BSRN (Baseline Surface Radiation Network) station in Central Africa. The only indirect es-
timates or direct measurements derived from in situ measurements available for the region 
are the ones provided in the FAOCLIM 2 database and those collected from a few ecological 
observatories [15]. Comparatively, in other regions, previous studies have shown that the 
validation of satellite data for global horizontal irradiance (GHI) strongly depends on the 
climatic context, the temporal scale, and the availability of local measurements [18–25].

To address this gap, as part of the ACERA (Africa Clean Energy Research Alliance) 
project, we deployed these two types of pyranometers—LP02 (ISO secondary-class ther-
mopile pyranometer) and CS300 (silicon-based pyranometer)—at the Scientific City of 
Brazzaville for the acquisition of high-quality in situ GHI measurement data. While several 
studies have validated SolarGIS and other satellite-derived irradiance products in different 
regions worldwide, few studies exist for Central Africa [26], and to our knowledge, none 
rely on continuous, high-quality ground measurements at both high temporal resolution 
and monthly scales.

The originality of this study lies in three main aspects: (i) the first long-term, continu-
ous in situ GHI dataset in the Republic of the Congo, a region critically lacking ground-based 
solar observations; (ii) an in-depth analysis of sensor-dependent uncertainties in a tropi-
cal climate; (iii) the quantification of the impact of irradiance deviations on photovoltaic 
energy production, which provides operational insights for PV planning and mini-grid 
deployment. These contributions, together with a multi-temporal validation framework 
(15 min and monthly scales), represent a methodological and applied advancement over 
previous validation studies.

The present study uses ground-based measurements obtained with LP02 and CS300 
pyranometers at the Institut National en Sciences Exactes et Naturelles (IRSEN) site in 
Brazzaville department and compares them with SolarGIS data corresponding to the same 
observation period. The analysis focuses on the characterization of global horizontal irradi-
ance, the assessment of agreement between in situ and SolarGIS datasets using statistical 
performance indicators, and the estimation of the potential photovoltaic energy production.

The results are therefore intended to contribute to the transformation of national energy 
and rural-electrification objectives into a technical decision-support framework consistent 
with Sustainable Development Goal 7 (SDG 7) and the country’s commitments to the energy 
transition. More specifically, the study is expected to provide localized knowledge of the 
solar resource, improve the reliability of global solar radiation estimates, support the sizing 
of photovoltaic systems, and contribute to estimating the number of potential users that 
could be supplied by PV-based electricity systems.

The main objective of this study is to validate solar data obtained from remote sensing 
for the development of photovoltaic power generation systems in the Republic of the 
Congo, particularly in rural areas located far from the nearest connection points to the 
main electricity grid. Consequently, remote sensing enables the estimation of solar potential 
in areas where on-site measurements are impractical, particularly in remote rural regions. 
In locations where ground-based data are available for validation, these comparisons could 
also help quantify the margin of error between satellite-derived estimates and in situ 
measurements. By exploiting these errors, it is possible to assess the potential photovoltaic 
power in these regions and the number of users.

2. Materials and Methods
2.1. Measurement Site

The study area is located in the Republic of the Congo, a Central African country, 
bordered by the Central African Republic and Cameroon to the north, Angola to the south, 
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the Democratic Republic of Congo to the east, and Gabon to the west, and crossed by the 
geographic equator (Figure 1). Its surface area is 342,000 km2  [27].

 

Figure 1. Administrative map of the Republic of the Congo. Source: https://www.nationsonline.org/
oneworld/map/congo-administrative-map.htm (accessed on 24 February 2025).

Savannah (35–40%) and forest (60–65%) are the main vegetation formations [28]. 
Congolese forests comprise 12.4% of the forests of the Congo Basin and are divided into 
three large groups: Mayombe (3%), Chaillu (11%), and the massif of North Congo with 
Upper Sangha (31%) and Lower Sangha (20%) [29–31].

From a climatic point of view, the Republic of the Congo experiences a rainy season in 
the north that lasts eight to nine months (from March to November) under an equatorial 
climate, while in the south, it lasts between five and six months (from March to May and 
September to November) under a tropical and humid climate [32].

Our study site is located in the Brazzaville Department, which is characterized by 
a tropical climate with two rainy seasons. The first occurs in the months of February–
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March–April–May and the second in October–November–December. These seasons alter-
nate with two dry seasons: the first in January–February and the second in the months of 
June–July–August–September [33].

The average daily minimum temperature is around 22 °C, and the average daily maxi-
mum temperature varies around 30 °C. The temperature varies from one area to another 
due to changes in altitude, but it is relatively constant in this department throughout the 
year, at around 25 °C. Average annual rainfall in this department ranges from 1500 mm to 
1800 mm, with high interannual variation [34].

The geographical location of the site and the meteorological conditions give it sufficient 
solar irradiance intensity for the development of solar energy systems [35]. However, this 
intensity varies depending on location, meaning its geographical coordinates (latitude and 
longitude), its atmospheric properties, its azimuth, and its angle of inclination in relation 
to the receiving surface [36].

2.2. Radiometric Stations
The solar radiation and air temperature monitoring station was installed on the rooftop 

of the “Institut National de Recherche en Sciences Exactes et Naturelles (IRSEN)” building, 
located within the Scientific City of Brazzaville. This site is near the Equator at 4.274° S and 
15.238° E, at an elevation of 312 m above mean sea level. Brazzaville, through its university 
and research infrastructures, offers an excellent site for calibrating the SolarGIS data from 
satellites, though it is important to note that Brazzaville is not representative of the country’s 
solar potential, or even that of Central Africa.

Our protocol involves conducting in situ (or local) measurements to validate the solar 
radiation measurements from satellites, which have broad spatial and regional coverage. 
This allows us to extrapolate the validity of the satellite data to the solar potential of the 
entire country or to that of a region. If we had chosen another locality with electricity, 
calibration would still have been possible because the satellite provides observations at 
the geographical site level. The station’s location has an unobstructed view of the natural 
horizon from the southeast to the northwest, ensuring optimal exposure for solar radiation 
measurements. All sensors were mounted on a horizontal surface, in accordance with 
standard observational protocols.

2.3. Description of the Material
We used two pyranometers to gather data. The first is an LP02 pyranometer. This heat 

flux sensor was used for measuring GHI measurements (W/m2 ).
The specifications of these devices are shown in Table 1, where the spectral range of 

the LP02 sensor is larger than that of the CS300, and it is able to measure irradiance between 
0 and 2000 W/m2 , while the range of the CS300 is only 0 to 1750 W/m2 .

Table 1. Specifications of sensors.

Sensor/Device: 
Campbell Scientific 

Corporation, Inc.
www.campbellsci.com.

Spectral 
Range 
(𝛍m)

Range
(W/m2 )

Nominal
Sensitivity

Absolute
Accuracy (%)

LP02 0.28 to 3 0 to 2000 15 W/m2 ±10
CS300 0.36 to 1.12 0 to 1750 5 W/m2 /mV ±5

LP02’s specific sensitivity is around 17.96 μV/(W/m2 ), and it is used as a reference 
pyranometer. The signal is amplified with a total measured gain of 102.2, corresponding to a 
response of 1.835512 V/kW/m2 . The CS300 pyranometer was calibrated by comparison with 
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the LP02 pyranometer. The temperature range of the LP02 pyranometer is between −10 and 
40 °C (±3%). The second is the CS300 pyranometer, which includes a silicon photovoltaic 
detector mounted in a cosine-corrected head. It was used for GHI measurements (W/m2 ) 
and has an operating temperature range of −40 °C to +70 °C.

The calibration of the Hukseflux pyranometer (model LP02; Delft, The Netherlands) 
and the Apogee instruments (model CS300; Logan, UT, USA) was done by the manufacturer 
and carried out according to the international World Meteorological Organization (WMO) 
standards ISO 9060 [37] (WMO, Guide to Meteorological Instruments and Methods of Ob-
servation, fifth edition, Geneva and ISO 9060, 2008). Their long-term stability is guaranteed 
by four absolute pyrheliometers of different designs maintained by the World Radiation 
Center in Davos.

The two pyranometers were installed side by side on a flat surface for measuring GHI 
and were connected to a thermistor for air temperature measurements. The entire solar 
radiation and temperature measurement system was powered by a photovoltaic system 
that included a battery (12 V, 2.8 Ah), a solar panel (12 V, 10 W), a charge regulator (12 V 
to 5 V), and a 3 A charge controller, as shown in Figure 2.

Figure 2. Block diagram of the devices. PV is a photovoltaic panel.

The details of the GHI monitoring station are shown in Figure 3, in which the character-
istics of the amplifier and the data logger are presented. The three sensors were connected 
to a magnitude-10 data amplifier, and their signals were filtered and then sent to a Logmatic 
V2 data logger with a frequency of 10 Hz and a capacity of 12 bits. The signals detected 
by the LP02 pyranometer and the thermistor were amplified by a factor K = 101, while the 
signals detected by the CS300 silicon pyranometer were amplified by a factor of K= −10.

The data logger measures the signals in voltage form and stores them on a memory 
card. Once the data were recorded, they were entered into a MATLAB code to represent 
the GHI data in Watts per square meter (W/m2 ) in graphical form.

The two pyranometers continuously recorded in situ measurements throughout the 
one-year monitoring period. The data retrieval from the data logger was performed at 
10-day intervals, considering the high acquisition frequency of 10 Hz of the data logger 
coupled with the sensors. During these collections, the data stored on the memory card 
was transferred for processing. Thus, the 10-day interval corresponds to the data retrieval 
frequency, not the measurement frequency. The measurement system operated continuously, 
although some data gaps occurred during certain nighttime periods, mainly due to battery 
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capacity. These nighttime interruptions did not affect the daytime GHI values. At the level 
of the annual time series, there were no missing data. On the other hand, in the monthly 
time series, we recorded a 1.4% rate of missing data due to technical issues with the electrical 
system. This means that the outage could last for one or 1.5 days. Thus, the daily data were 
canceled. The replacement of the data was done using linear interpolation.

Figure 3. Circuit for the monitoring station with sampling characteristics. Colors of cables of sensors 
depend of manufacturers to define the voltage excitation (often in red) and voltage sense (green) if 
specified. Source: Kampala Project (CREEC), University of Leeds.

The collected data were processed using MATLAB and Origin2018 software for plotting 
curves and performing statistical calculations on a daily scale. The averages over the one-
month and one-year periods were then determined. The comparison of SolarGIS data 
measured in UTC + 0 time and that of the pyranometers in UTC + 1 time (Brazzaville) 
was carried out consistently. To resolve this discrepancy in the daily time series, they were 
realigned according to the sunrise and sunset times. As a result, the local time for data 
recording has been realigned to that of SolarGIS data recording, which is UTC + 0. Moreover, 
the SolarGIS data from 2022 has a temporal resolution of 15 min. To compare them with 
our continuous measurements from the pyranometers, we had to average them over each 
15 min interval.

To conduct our monthly analysis, the in situ measurements from the pyranometers 
and those from processed SolarGIS were determined over the same period in 2022. Next, 
knowing that SolarGIS could provide us with data over two decades (1994–2015), that 
is, a long-term climatological average (a normal), we wanted to compare it with the data 
obtained from pyranometers.

On a diurnal scale, the averages were determined by calculating the area under the 
curve using the trapezoidal method with the Origin2018 software:

A ≈ ∫
b

a
f(x)dx =

h
2 [f(a) + f(b) + 2∑

𝑘=𝑛−1

𝑘=1
f(x𝑘)] (1)

where h = b − a represents the time interval between sunrise and sunset.
The GHI data in this study cover the period from 1 January to 31 December 2022. The 

mean values of GHI measurements derived from the two pyranometers (LP02 and CS300) 
constituted our surface database at diurnal, monthly, and annual scales. Quality control of 
the LP02 and CS300 sensors was performed to check the quality of the calibration during 
different levels of cloud cover by superimposing their curves at a diurnal scale (Figure 4). At 
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the monthly time scale, we plotted the linear regression line to assess the correlation between 
the measurements of the two sensors. This check was necessary to determine the quality of 
the manufacturer’s calibration and its consistency during the measurement period.
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Figure 4. Illustration of the quality of the measurements of GHI measurements by the LP02 (black 
curve) and CS300 (red curve) sensors as a function of sampling time.

The interest at the country level is to determine the national solar potential. Mea-
surements at a few locations are not representative of an entire territory. That is why 
we have examined the possibility of using satellite measurements validated with in situ 
measurements, such as those in our database.

To do this, we used data calculated from satellite observations from Meteosat MSG 
(Meteosat Second Generation, ((c) 2024 EUMETSAT, European Organization for the Ex-
ploitation of Meteorological Satellites), satellites managed by the NOAA and NASA agencies. 
These data, on diurnal and monthly time scales, have been made available to us through 
solar resources maps and GIS data (SolarGIS). The 15 min instantaneous GHI (W/m2 ) 
data from SolarGIS were compared with data measured on the ground by the LP02 and 
CS300 sensors at the same resolution to evaluate the consistency and performance of high-
temporal-resolution data. We chose days with different cloud cover to determine the gaps 
between the satellite-estimated data and those measured by the LP02 and CS300 sensors on 
the ground. For the monthly analysis, the in situ measurements were first aggregated to 
the daily scale, then to the monthly scale, to calculate statistical indicators by comparing 
them to the monthly mean data provided by SolarGIS.

Equations (2)–(6) for the coefficient of determination (R2 ), mean bias error (MBE), 
root mean square error (RMSE), and mean absolute error (MAE) have been used in this 
study for the calibration and validation of surface data in order to understand their qualities 
and characteristics.

This evaluation methodology was used in the works carried out by [22,36,38].

R2 = 1 −
∑𝑛

𝑖=1(GHI𝑒,𝑖 − GHI𝑚,𝑖)
2

∑𝑛
𝑖=1 (GHI𝑚,𝑖 − GHI𝑚)

2 (2)

MBE =
1
𝑛∑

𝑛

𝑖=1
(GHI𝑒,𝑖 − GHI𝑚,𝑖) (3)

MAE =
1
𝑛∑

𝑛

𝑖=1
|GHI𝑒,𝑖 − GHI𝑚,𝑖 | (4)

RMSE = √ 1
𝑛∑

𝑛

𝑖=1
(GHI𝑒,𝑖 − GHI𝑚,𝑖)

2 (5)

https://doi.org/10.3390/en19215125

https://doi.org/10.3390/en19215125


Energies 2026, 19, 5125 10 of 23

MAPE =
1
𝑛∑

𝑛

𝑖=1
|
GHI𝑒,𝑖 − GHI𝑚,𝑖

GHI𝑒,𝑖
| × 100 (6)

where GHI𝑒,𝑖 is the estimated GHI in month i, and GHI𝑚,𝑖 is the measured GHI. (n) is the 
number of measurements.

The method used to evaluate solar radiation in this study can be transferred, but not 
the actual measured values because solar radiation depends on clouds, terrain, and aerosols. 
The satellite data are also affected by these factors, but there is a scale factor. This is why 
satellite measurements need to be validated on the ground. Once validated, we can then 
use the satellite measurements without having to take measurements at every point within 
the territory. Hence, there is interest in integrated satellite measurements for placing solar 
generation infrastructure in suitable locations.

3. Results
3.1. Quality Control of Measurements

Figure 5 shows the measurements of the GHI observed by the two sensors to verify the 
regularity of the calibration (sensitivity of the instruments) using the case of a very cloudy 
sky on 7 September 2022 and 28 October 2022. The overlay of the GHI recordings from the 
two sensors displays almost identical energy levels for the same number of samples.
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Figure 5. GHI measured by LP02 (black curve) and CS300 (red curve) sensors under cases of heavy 
cloud cover for 7 September 2022 (a) and 28 October 2022 (b) during the rainy season, as a function 
of sampling time.

However, under a partially overcast sky as illustrated in Figure 6, differences are 
observed around midday (solar noon). The LP02 sensor recorded slightly higher GHI values 
than the CS300 sensor for the same number of samples, as on 1 October 2022 (Figure 6a) 
and 8 November 2022 (Figure 6b).

Figure 7 shows that the gaps between the two sensors increased with GHI at solar 
noon during clear-sky days on 24 November 2022 and 6 September 2022.

On a monthly time scale, Figure 8 shows the regression line of the data from the LP02 
and CS300 sensors in kWh/m2 /day. A high correlation coefficient of over 80% is observed. 
This means that the two sensors have produced variations that are generally in phase. 
However, there is a slight dispersion in the months of May, June, and August during the 
dry season.

The surface global radiation measurements from this study, obtained using pyranome-
ters, make it possible to validate satellite data at hourly and monthly scales. This involves 
comparative approaches to better understand measurement errors. To do this, different sky 
conditions were considered on a diurnal scale.
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Figure 6. GHI measured by LP02 (black curve) and CS300 (red curve) sensors under partly cloudy 
sky conditions for 1 October 2022 (a) and 8 November 2022 (b) during the rainy season as a function 
of sampling time.
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Figure 7. GHI measured by LP02 (black curve) and CS300 (red curve) sensors under clear-sky cases 
on a day in November (a) and September (b) during the rainy season as a function of sampling time.
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3.2. Validation of Satellite SolarGIS Data
The graphs in Figure 9 show the superposition of the LP02 and CS300 sensor recordings 

with the satellite database. The records in the SolarGIS database generally corroborate those 
from the pyranometers. They match the sensors’ diurnal changes quite well.
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Figure 9. Comparison of diurnal changes from SOLARGIS-LP02 (a) and SOLARGIS-CS300 (b) for 
partially cloudy.

Under heavy cloud cover (Figure 10), a slight overestimation of the data from the 
SolarGIS database is noted.
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Figure 10. Idem Figure 9 but for heavy cloud cover sky. (a) SOLARGIS-LP02; (b) SOLARGIS-CS300.

In contrast, in clear-sky conditions, Figure 11 shows an almost perfect overlap of the 
compared data. The curve of the LP02 sensor appears to be slightly below that of SolarGIS.

Figure 12 shows the annual variation in the monthly mean GHI data in kWh/m2 /day 
from SolarGIS and the LP02 and CS300 sensors. The monthly data from SolarGIS are well 
correlated with the observations from the two sensors. However, the gaps are larger during 
the dry season in Brazzaville (from June to August) and are, furthermore, higher with the 
CS300 sensor. The observed differences are plausibly associated with the spectral range, 
the measurement range of these two sensors (See Table 1), inherent spectral mismatch, 
temperature dependence, and angular response. The LP02 records more irradiance than 
the CS300 and has the same spectral range as SolarGIS sensors (0.3 to 3 μm). Moreover, 
LP02 records more energy in the shortwave range between 0.28 and 0.36 μm.
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Figure 12. Annual scale comparison of monthly values from SolarGIS and from LP02 and CS300 
sensors. (a) SOLARGIS-LP02; (b) SOLARGIS-CS300.

Figure 13 shows the correlations between the monthly data from SolarGIS and the 
LP02 and CS300 sensors. We note a strong correlation of 0.91 with the LP02 and a relatively 
lower correlation of 0.77 with the CS300. This corroborates the level of dispersion around 
the linear regression lines.

Table 2 presents the results of the comparisons between satellite measurements and 
those of in situ sensors LP02 and CS300. Five statistical parameters have been calculated: 
coefficient of determination (R2 ), root mean square error (RMSE), mean bias (MBE), mean 
absolute error (MAE), and mean absolute percentage error (MAPE).

Table 2. Measurement accuracy indicators: correlation R2 , root mean square error (RMSE), mean bias 
error (MBE), mean absolute error (MAE), and mean absolute percentage error (MAPE). In parenthe-
ses, the percentages of relative uncertainty between monthly in situ measurements and SolarGIS.

Database/Sen-
sor

Mean Ann. 
(kWh/m2 /day) R2 RMSE 

(kWh/m2 /day)
MBE 

(kWh/m2 /day)
MAE 

(kWh/m2 /day) MAPE (%)

SolarGIS 4.79 – – – – –
LP02 4.67 0.91 0.17 (3.8%) −0.12 (2.6%) 0.14(3.0%) 2.9%

CS300 4.24 0.77 0.59 (14.0%) −0.55 (13.0%) 0.55 (13.1%) 11.5%
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Figure 13. Correlation between monthly data of SOLARGIS-LP02 (a) and SOLARGIS-SCS300 (b). In 
red, the linear regression line.

In Brazzaville, the annual mean GHI varies between 4.24 kWh/m2 /day and
4.79 kWh/m2 /day depending on the sensors used. The correlations are relatively high, 
around 0.84. The LP02 has lower RMSE, MBE, and MAE values, respectively equal to 
0.17 kWh/m2 /day, −0.12 kWh/m2 , and 0.14 kWh/m2 , showing that this sensor exhibits 
better agreement with SolarGis than the CS300. This does not mean that the CS300 is 
not reliable.

The IEC 61724/2 standard defines the acceptable percentage differences for the evalua-
tion of solar resources. For hourly, daily, and monthly data, the uncertainties (RMSE, or 
MBE) must be less than or equal to 10%, 7–9%, and 5%, respectively [22]. The data from 
LP02 have RMSEs below 5% and are thus relatively more reliable than those from CS300, 
which are around 14%.

The LP02 sensor measurements better reflect the long-term mean of GHI from 1994 to 
2015 in the SOLARGIS database, ranging from 1461 to 1899 kWh/m2  in the color palette. 
Hence, for the Republic of the Congo, we can use the solar potential from SolarGIS data as 
shown in Figure 14. This is the result of the World Bank Group’s Energy Sector Management 
Assistance Program (ESMAP) [39].

In Table 2, the data sample size is 12 months. For daily data, it is around 360 ± 5 days.
The MBE values are calculated to quantify the overestimation or underestimation of 

SolarGIS data compared to in situ ground measurements by the LP02 and CS300 pyranome-
ters. The MBE values are −0.12 kWh/m2  (2.6%) and −0.55 kWh/m2  (13.1%), respectively. 
These mean that, on average, the SolarGIS database underestimates the monthly values of 
GHI measured by the LP02 and CS300 by 2.6% and 13.1%, respectively. The dispersion of 
the differences between the two types of measurements, as reported by the RMSE, indi-
cates their actual divergences. Our results give respective values of RMSE = 0.17 kWh/m2 
(3.8%) and RMSE = 0.59 kWh/m2  (14.03%) for the LP02 and the CS300. The results ob-
tained are in agreement with the RMSE values reported in the work conducted by several 
authors [22,24,25,40].

The RMSE and MBE values of LP02 (3.82% and 2.6%) that validate SolarGIS data 
in Brazzaville and the Republic of the Congo are also in agreement with those found in 
countries in the tropical zone [41]. Furthermore, the MAE in the study (0.216 kWh/m2 /day) 
of [26] is within the interval of those found in our study: 0.14–0.55 kWh/m2 /day.
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Figure 14. Solar map of the Republic of the Congo. Source: https://solargis.com/resources/free-
maps-and-gis-data?locality=republic-of-the-congo (accessed on 25 April 2025).

3.3. Photovoltaic Production Potential and Uncertainties
The RMSE values of 0.17 kWh/m2 /day and 0.59 kWh/m2 /day found respectively from 

LP02 and CS300 give a difference in photovoltaic energy production compared to SolarGIS data, 
on the order of 0.14 kWh/kWp/day and 0.49 kWh/kWp/day, respectively, as mentioned by 
the World Bank, 2020: Ranking of Selected Countries, Based on Zonal Statistics of Practical PV 
Power Potential. However, according to this document, our on-site ground measurements yield 
an average photovoltaic energy production of 3.9 kWh/kWp for the LP02 and 3.5 kWh/kWp for 
the CS300, as in [26]. These results are in line with the zonal values of photovoltaic production 
potential determined by SolarGIS (Figure 15 below) [42].

3.4. Solar Potential in Rural Areas
In the Likouala, Western, and Central departments, remote sensing provides a mean 

GHI value initially estimated at 5.2 kWh/m2 /day. This value was corrected to approximately 
5.2 kWh/m2 /day × (1 − 0.038) = 5.002 kWh/m2 /day and 5.2 kWh/m2 /day × (1−0.14) = 
4.47 kWh/m2 /day, taking into account the respective margins of error (RMSE) determined 
by comparing the data measured on the ground by the two sensors (LP02 and CS300) with 
those estimated using remote sensing (SolarGIS). These observations support the claim 
that sub-Saharan Africa has significant solar potential for rural communities to benefit from 
solar electricity generation, with GHI generally ranging from 4 to 7 kWh/m2 /day [43]. It is 
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also worth noting that the authors of [44] emphasized that these irradiance levels make 
photovoltaic systems particularly well-suited for electrifying isolated rural areas.

Despite this solar potential, rural access to electricity has historically been low in the 
Republic of the Congo. In 2012, the electrification rate in the country was less than 50%, with 
only 41.6% of the total population having access to electricity. This included 11.7% in rural areas, 
58.9% in urban areas, and an average electricity consumption of 181.7 kWh per capita [45].

The rural electrification rate is a major national concern and challenge. As a conse-
quence, the National Energy Pact has set the following ambitious objectives: (1) to increase 
the availability of renewable energy in the national electrification strategy plan and (2) to 
increase access to electricity. Finally, increasing the rural access rate will be achieved through 
stand-alone solar systems (90%) and mini-grids (10%), with required investment levels of 
$338 million, comprising 50% from private sources and 50% from public sources [11].

Figure 15. Photovoltaic power potential. From solar resource maps of the Republic of Congo (Solar 
Resource map, SolarGIS, 2021: https://solargis.com/resources/free-maps-and-gis-data?locality=
republic-of-the-congo (accessed on 25 April 2025)).
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4. Discussion
The need to assess solar potential has become increasingly urgent as energy generation 

transitions from fossil fuels to renewable technologies. The main objective of this research 
is to evaluate the accuracy of satellite data to determine solar potential. Data were collected 
from in situ sensors (LP02 and CS300) and compared to satellite solar radiation data from 
SolarGIS at hourly, monthly, and annual scales.

Different sky cloudiness conditions in Brazzaville were examined. Under a cloudy 
sky, the LP02 sensor recorded, from the calculations of the area under the diurnal curve 
(Figure 5), the daily averages of 79.25 W/m2  and 51.89 W/m2 , respectively, on September 7 
and 28 October 2022. In contrast, the CS300 sensor recorded daily averages of 74.15 W/m2 
and 47.86 W/m2 , respectively, on the same dates. The average difference between the two 
LP02 and CS300 sensors is around 4W/m2 , which means a variation of around 7% of the 
average GHI measured by the LP02 sensor.

Under a partially overcast sky (Figure 6), on October 1 and 8 November 2022, the LP02 
sensor measured daily values of 165.4 W/m2  and 123.2 W/m2 , respectively, and the CS300 
sensor measured daily values of 156.0 W/m2  and 112.1 W/m2 , respectively, on the same 
dates. This shows a slight increase in the difference between the average values measured 
by the two sensors. This is 10 W/m2 , which means a variation of around 9% of the average 
GHI measured by the LP02 sensor.

This gap increases with increasing satellite estimates of GHI (Figure 7). The difference 
between the values measured by the LP02 and CS300 sensors is around 31 W/m2 ; this means 
approximately 9.6% of the average value measured by LP02. This difference is primarily 
associated with the broader spectral response of the LP02 (0.28–3 μm) compared with the 
CS300 (0.36–1.12 μm), which results in different responses to the spectral composition of 
incident solar radiation. Moreover, this gap does not exceed 10%. However, at the monthly 
scale, a correlation between the two sensors is R2  = 0.80 (Figure 8), thus indicating a good 
variation in the same direction of the data from the two sensors. In addition, there is a 
strong agreement between the two datasets with a low value of RMSE = 0.47 kWh/m2 /day.

The average values of satellite estimates of solar radiation at the horizontal surface, 
as provided by SolarGIS observations, were evaluated and validated by the LP02 and 
CS300 sensors on two time scales: hourly and monthly. Comparative approaches, based 
on the calculation of uncertainties, have allowed us to analyze the gaps between the dif-
ferent observations. In so doing, different sky conditions were considered on a diurnal 
scale. For the monthly and annual time scales, the averages were calculated, as well as the 
uncertainties (Table 1).

The uncertainties in the measurement results of the two pyranometers are presented 
to determine the performance of the two sensors in the intertropical zone. Looking at the 
two graphs in Figure 9. The daily GHI values were 165.39 W/m2  and 156.03 W/m2  for the 
LP02 and CS300 pyranometers, respectively, while SolarGIS provided an average value 
of 166.03 W/m2 . The SolarGIS estimate therefore shows closer agreement with the LP02 
measurements, with a difference of 0.6 W/m2 . In contrast, this uncertainty is higher, at 
around 10 W/m2 , between SolarGIS and CS300 measurements.

Daily averages of GHI were also determined for days with high cloud cover (Figure 10). 
The LP02 pyranometer recorded a daily value of 51.89 W/m2 , whereas the CS300 pyranome-
ter recorded a value of 47.86 W/m2 , both of which are significantly lower than the average 
daily value of 68.89 W/m2  recorded by SolarGIS. With regard to these pyranometers, the 
calculated uncertainties are, respectively, 17 W/m2  for LP02 and 21 W/m2  for the CS300 
pyranometer. It is noted that the average values of SolarGIS are slightly higher than those 
measured by the LP02 pyranometer.
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However, for cloudless days (Figure 11), the daily average GHI values were 324.90 W/m2 
for the LP02 pyranometer and 293.57 W/m2  for the CS300 pyranometer, respectively. In 
these cases, an average daily GHI value of 289.22 W/m2  was determined by SolarGIS. How-
ever, a high uncertainty of 35.68 W/m2  was noted from the value recorded by the LP02 
pyranometer. However, the CS300 sensor measurements showed an uncertainty on the 
order of 4.35 W/m2  during clear days when GHI levels are the highest. Thus, the LP02 
pyranometer underestimates the GHI levels of SolarGIS in clear sky conditions. Therefore, 
it is noted that during certain sky conditions, the CS300 overestimates the SolarGIS data.

On a monthly time scale (Figure 12), the SolarGIS database provides monthly average 
GHI values that are generally higher than those of the LP02 pyranometer. The gaps are low, 
at around −0.08 kWh/m2 , while CS300 monthly averages were lower than SolarGIS, with 
differences of about 0.33 kWh/m2 . In contrast, the monthly average values recorded by the 
CS300 sensor are less than those of the SolarGIS database. However, it should be noted 
that during February, March, and May to August, the monthly average values recorded 
by the LP02 sensor underestimated the satellite measurements. This aspect highlights the 
importance of in situ ground measurements for improving the accuracy of global solar 
radiation assessments. This assessment of GHI at different time scales is of paramount 
importance for determining the main characteristics of the local solar resource, including 
interannual variability and long-term statistical characteristics of GHI.

The measurements show that the LP02 pyranometer provides slightly higher irra-
diance values than the CS300. This difference is mainly explained by the wider spectral 
range of the LP02 (0.28–3 μm) and its slower response time, compared to the silicon-based 
sensor, which is sensitive over a narrower spectral range (0.36–1.12 μm) and reacts more 
quickly to rapid variations in irradiance (Table 1). Spectral-response differences, tempera-
ture response, and angular errors specific to silicon-based sensors also contribute to the 
observed discrepancies [46].

In terms of variation, SolarGIS and LP02 yielded R2  = 0.91, an MBE of −0.12 kWh/m2 
(−2.61%), an RMSE of 0.17 kWh/m2  (3.82%), and an MAE of 0.14 kWh/m2  (3%). For 
SolarGIS and CS300, R2  was 0.77, with an MBE of −0.55 kWh/m2  (−13.1%), an RMSE of 
0.59 kWh/m2  (14.0%), and an MAE of approximately 0.55 kWh/m2  (13.1%). These results 
indicate closer agreement between SolarGIS and LP02 than between SolarGIS and CS300.

These uncertainties are in agreement with other results from the literature. For example, 
NASA estimated Solcast and PVG’s data were compared with ground-based solar global 
measurements observed from six sites in the Republic of Ireland. The mean absolute percentage 
uncertainty (MAPE) for four sites ranged from 2.68% to 7.70%, and the RMSE was in the range 
of 0.45 to 5.71 W/m2 . In contrast, in our study, the first comparative approach (SolarGis-LP02) 
shows a MAPE of 2.9% and an RMSE = 0.17 kWh/m2  (7.1 W/m2 ), thus indicating a slightly 
better agreement than the results (0.45 to 5.71 W/m2 ) reported in [47].

Studies carried out in China [48], based on the comparison between the monthly values 
estimated by CLARA-A2 and SARAH-E and the ground measurements from 59 stations, 
showed an overestimation of approximately 8.0 W/m2 . This study corroborates our results 
(RMSE = 7.1 W/m2 ). Additionally, there was also a significant decrease in bias to −2.1 W/m2 
for CLARA-A2 and −3.2 W/m2  for SARAH-E when only rural stations were taken into 
account. However, a global validation study based on six Solcast irradiance products [49], 
derived from the most recent satellites, reported RMSE values 9.0% higher than those we 
achieved with SolarGis-LP02 (3.8%). Compared to SolarGis-CS300, they were lower than 
our results of 14.0% (Table 2).

Under the same tropical climate, our work has shown a low RMSE value found with 
SolarGis-LP02, namely 3.8%. This value remains close to that observed in the study con-
ducted at the Petrolina site in Brazil [50,51]. Indeed, they observed that the global solar 
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radiation data from the CAMS satellite indicated better performance (2.0%) compared to 
other databases.

The annual average value determined from the CS300 in Brazzaville is 4.24 kWh/m2 /d, 
close to 4.42 kWh/m2 /day and 4.33 kWh/m2 /day, which were observed during the first 
study of global solar radiation measurements carried out in 1968 and 1969 at the same 
location [52]. This average value from CS300 also remains close to the annual average 
value (4.41 kWh/m2 /day) found in Léopoldville (current DRC/Kinshasa: 4°19′ S, 15°20′ E, 
300 m) in 1951 [53]. These low annual average values, compared to those found with the 
LP02 sensor (4.67 kWh/m2 /day), suggest an underestimation of the radiation balance by 
the sensors used in the studies in 1951, 1968, and 1969. The observed differences may be 
attributed to the technological limitations of the time (1951, 1968, and 1969), including the 
pyranometers used, such as the KIPP Belllani or KiPP and Zonen, and to the consideration 
of variations in the height of the sun and the spectral domain of the sensors.

In rural areas, compared to the Republic of Djibouti, which faces significant challenges 
in rural energy supply, the authors [54] determined, based on a surface solar irradiance 
model (SSI), a maximum relative error of around 8% and an average annual solar potential 
of 5.8 kWh/m2 /day. Similarly, in the Colombian Amazon, effective renewable energy 
solutions for rural villages in isolated areas have been developed through a study conducted 
by [55] on the evaluation of different data sources (IDEAM) and solar irradiation estimates 
through simulations using satellite images (NASA/HOMER, NASA/POWER, RANDOM 
FOREST) [56–58]. Despite the limited number of ground stations, the comparison of 
different data sources shows that those from NASA exhibit a relative error of approximately 
20.93%, which is greater than that of the RF satellite model when compared to the in situ 
reference data from IDEAM [59]. Based on these comparisons, this work suggests that 
the estimated solar radiation data are sufficiently reliable for the development of effective 
renewable energy-based solutions in isolated regions. However, they must be validated by 
in situ data for the design of microgrids and photovoltaic systems to improve energy access 
in isolated communities.

Finally, the procedure for conducting preliminary studies to assess solar and photo-
voltaic potential proves useful in planning to provide electricity to isolated rural communi-
ties or those not connected to the electrical grid. For the Republic of Congo, we have shown 
that it is possible to use SolarGIS data with RMSEs ranging from 0.17 to 0.59 kWh/m2 /day, or 
between 3.8 and 14% (Table 2), which allows for reliable determination of the solar potential 
in different localities. These results are in line with the zonal values of photovoltaic pro-
duction potential determined by SolarGIS (Figure 15). Indeed, the estimated photovoltaic 
production is around 1424 kWh/kWp. In order to estimate the number of households that 
can be served by a photovoltaic production system, this study relies on the work of [60] and 
the World Bank [61], in which a 50 kWp photovoltaic system would serve between 30 and 
230 consumers in a rural community. Furthermore, the International Energy Agency [62] 
sets a minimum consumption of 250 kWh per household. In the case of this study, with 50 
kWp, our photovoltaic system would produce 50 kWp × 1424 kWh/kWp = 71,200 kWh/year. 
Given the minimum consumption of the IEA, we would serve 285 households. This clearly 
illustrates the significant potential of these systems to contribute to access to electricity 
in the isolated rural areas of the Republic of Congo, potentially enabling the supply of 
electricity to several dozen households.

5. Conclusions
The difficulties related to the modernization of the Republic of Congo hinterland are 

particularly due to the lack of electricity and the remoteness of certain areas from the 
national power grid.
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Policies have been developed within the framework of programs and development 
plans for the electrification of such areas. Consequently, this requires reliable measurements 
of solar energy potential, which cannot be deployed across the entire national territory. To 
do this, we conducted research to outline the development of photovoltaic solar systems 
that are better suited for equatorial regions.

This study evaluated the potential for photovoltaic energy production in Brazzaville, 
Republic of Congo, using in situ solar radiation measurements and SolarGIS satellite data. 
Ground measurements collected over a period of one year using the LP02 and CS300 
pyranometers provided a database to characterize the solar resource and calibrate the 
SolarGIS data using statistical indicators.

The results show a strong correlation between the SolarGIS estimates and the LP02 
measurements (R2  = 0.91). A comparatively weaker correlation was observed with the 
CS300 (R2  = 0.77). The RMSE is 0.17 kWh/m2 /day (3.8%) for the LP02, correspond-
ing to an estimated uncertainty in photovoltaic energy production of approximately 
0.14 kWh/kWp/day. On the other hand, the CS300 shows a higher RMSE of approxi-
mately 0.59 kWh/m2 /day (14.0%), corresponding to an estimated photovoltaic energy 
production of around 0.49 kWh/kWp/day.

Based on ground measurements, the average photovoltaic energy yield is estimated at 
approximately 3.9 kWh/kWp/day, which is about 1424 kWh/kWp/year for the LP02 and 
3.5 kWh/kWp/day for the CS300. Based on this, we estimated that a 50 kWp photovoltaic 
solar system could potentially power around 285 households in a village. Our work is a 
precursor for planning and investments within the framework of a country’s rural electrifi-
cation policy. Thus, our results highlight the broader role that photovoltaic solar energy 
could play in the sustainable energy transition of the Republic of Congo. The deployment of 
photovoltaic systems could help diversify the national electricity mix in addition to existing 
electricity production technologies.

Public policies should therefore encourage the development of photovoltaic infrastruc-
ture, particularly decentralized systems and solar mini-grids, while establishing appropriate 
regulatory and institutional frameworks. Unfortunately, investments in developing coun-
tries are hindered by their debt, thus limiting the execution of programs and plans for 
the rapid development of photovoltaic solar systems in rural areas of interest. However, 
SolarGIS calibration measurement campaigns will still be required to consolidate this work 
in the country’s other climatic zones because seasonal local meteorological factors, such as 
variable cloud cover during the rainy season and dust accumulation on sensors and solar 
panels during the dry season [63].
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