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R E S U M O 

A transição energética está impulsionando a inserção de fontes renováveis de energia que apresentam uma relação 

intrínseca com as condições meteorológicas e com o clima. Nesse contexto, é importante desenvolver ferramentas que 

forneçam suporte ao crescimento da participação de fontes renováveis intermitentes, como a energia solar, na rede elétrica. 

Esta pesquisa desenvolveu um modelo de previsão de curto prazo para prever a irradiância solar incidente na superfície 

em quatro locais diferentes no Brasil. O modelo de previsão usa o método baseado em fluxo óptico de Farnebäck para 

rastrear o movimento das nuvens em imagens de satélite do GOES-16. Comparamos os resultados previstos com dados 

reais coletados em estações da rede SONDA durante diferentes estações do ano. A metodologia apresentou os menores 

valores de RMSE durante o inverno na localidade de Cachoeira Paulista (SP), com 0,13 para horizonte de previsão de 30 

minutos, e 0,11 em 120 minutos a frente. O maior desvio RMSE foi observado durante o outono, com 0,39 em 30 minutos 

e 0,41 em 120 minutos na mesma localidade. Essas descobertas são consistentes com pesquisas em regiões tropicais da 

América do Sul, indicando a utilidade potencial dessa abordagem na área.  

Palavras-chave: sensoriamento remoto da atmosfera, fluxo ótico, vetor de movimento de nuvens, irradiância solar global 

horizontal incidente na superfície. 

  

Optical Flow-Based Forecasting of Surface Irradiance Using Cloud Motion 

Vectors in Brazil 
 
A B S T R A C T 

The energy transition is driving the integration of renewable energy sources with an intrinsic relationship with 

meteorological and climatic conditions. In this context, it is essential to develop tools that support the growth of the share 

of intermittent renewable sources, such as solar energy, in the electrical grid. This research developed a short-term 

forecasting model to predict surface solar irradiance at four different locations in Brazil. The forecasting model uses the 

Farnebäck optical flow method to track cloud motion in GOES-16 satellite images. We compared the predicted results 

with actual data collected at SONDA network stations during different seasons of the year. The methodology showed the 

lowest RMSE values during winter in Cachoeira Paulista (SP), with 0.13 for a 30-minute forecast horizon and 0.11 for a 

120-minute horizon. The highest RMSE deviation was observed during autumn, with 0.39 in 30 minutes and 0.41 in 120 

minutes at the same site. These findings are consistent with research in tropical regions of South America, indicating the 

potential utility of this approach in the field. 

Keywords: Remote sensing of the atmosphere, optical flow, cloud motion vectors, surface horizontal global irradiance. 

Introduction 

Renewable energy technologies such as 

solar photovoltaic power systems are deemed 

essential to mitigate the effects of climate change, 

reducing dependence on fossil fuels (Olabi & 

Abdelkareem, 2022; Change, 2022) and offering an 

alternative to meet the commitments of the 

International Conference of the Parties (IPCC). 

Implementing proven sustainable energy sources is 

environmentally relevant for energy security and 
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sustainable economic development (de Campos et 

al., 2021; de Lima et al., 2024). This is especially 

relevant for countries like Brazil, which has an 

installed hydroelectric generation capacity close to 

the limit of its energy potential. (Raupp and Costa, 

2021).  

As ethical energy transition advances, with 

greater participation of intermittent sources such as 

solar generation, the demand for accurate forecasts 

of solar irradiation also increases, reducing the 

impact their intermittency may cause on electricity 

transmission and distribution systems (Luiz et al., 

2018). Several methodologies are continuously 

developing to forecast Global Horizontal 

Irradiance (GHI) (Guermoui et al., 2020; Singla et 

al., 2021; Rahimi et al., 2023). These 

methodologies intrinsically relate to the required 

forecast horizon and the available data 

infrastructure. Data collected by cloud cover 

imaging cameras installed on the surface (all-sky 

cameras) are relevant for very short-term forecasts 

(Rodríguez-Benítez et al., 2021; Arraiz et al., 

2022). In contrast, satellite imagery is appropriate 

for time horizons of a few hours (Cheng et al., 

2022; Luiz et al., 2018), and numerical models 

encompass from one to several days in the future 

(Benavides et al., 2022). Numerical models require 

more time for their complex computational 

calculations and are subject to uncertainties related 

to the numerical parameterizations adopted to 

simulate the dynamics of the atmosphere (Polo et 

al., 2019). 

Satellite imagery is critical given the 

context of availability /quality of information, 

spatial coverage, and acquisition frequency. 

Several studies use satellite images to forecast 

surface solar irradiance. Widely studied 

approaches, such as those proposed by Hammer et 

al. (1999) and Escrig et al. (2013), use consecutive 

satellite images to extract information on the vector 

field of motion in the cloud cover pattern. Despite 

the methodology's limitations (such as its disregard 

for physical processes such as cloud formation and 

dissipation), it still provides the basic structure of 

the models used in recent generations. With the 

increased computational capacity to handle and 

analyze large amounts of data in the last decade, 

machine-learning methodologies have become 

popular in forecasting applications for the energy 

sector (Marchesoni-Acland et al., 2023). However, 

these purely statistical models (with no link to the 

physical processes at work) make identifying and 

understanding the sources of uncertainties in their 

forecasts is challenging. 

The tropical atmosphere responds directly 

to the difference in surface heating, making cloud 

formation and dissipation processes more dynamic. 

Therefore, it remains to be seen whether these 

methods, consolidated in medium/high-latitude 

countries, show reliability and equivalent 

performance in regions close to the tropics and the 

equator. Verbois et al. (2018) combined the WRF 

physical model with statistical tools, such as 

principal components and linear regression, to 

produce surface solar irradiance forecasts a day in 

advance for Singapore. Lima et al. (2016) 

combined the WRF model with artificial neural 

networks over Northeastern Brazil, making 

forecasts up to 24 hours. Guarnieri et al. (2006) 

used the ETA model and artificial neural networks 

to reduce the bias of their forecasts for Southern 

Brazil over a daily time horizon. However, the 

literature on applying forecasting methods in 

tropical countries still needs to be enriched. 

This study focuses on developing a short-

term forecast model of surface solar irradiance in 

the Brazilian territory based on cloud motion 

vector (CMV) identified in satellite images using 

the optical flow methodology, which is based on 

the following premises: 1) the apparent speed of 

reflectance patterns can be directly identified from 

the movement of the surfaces in the image, 

remaining constant during such movement; 2) the 

image has a flat surface and uniform illumination 

and; 3) reflectance varies smoothly without spatial 

discontinuities in the image, making its brightness 

mathematically differentiable. 

Urbich et al. (2018) offer a more in-depth 

reading of this approach. They used the optical 

flow algorithm over Germany to produce valid 

forecasts over a time horizon of up to two hours. A 

similar methodology has also been applied in 

countries such as Finland (Kallio-Mayers et al., 

2020) and the humid pampas (Aicardi et al., 2022), 

an area that covers Argentina, southern Brazil, 

Uruguay, and Paraguay. 

The present study describes a short-term 

irradiance forecast model (a time horizon of up to 

two hours) for four locations in Brazil using visible 

channel GOES-16 satellite images and an optical 

flow algorithm to identify the movement pattern of 

their cloud cover. Section 2 details the research 

methodology, including a description of climate 

characteristics at the ground measurement 

locations, the satellite and ground-truth databases, 

the pre-processing steps performed before using 

the optical flow algorithm, and the validation 

procedure to evaluate the forecast model 

performance. Section 3 shows the GHI forecasts, 
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pointing out which locations show better results 

and comparing results with similar studies. Finally, 

section 4 outlines some conclusions and 

suggestions for improvement.  

 

 

Methodology 

Overview 

 Figure 1 illustrates the methodology steps 

taken in this research, with a strong emphasis on 

validation. We began by processing the raw data 

from the GOES-16 satellite Cloud Moisture 

Imagery (CMI) product, focusing on four locations 

within the Brazilian territory where ground 

measurement sites are part of the SONDA network 

(www.sonda.ccst.inpe.br/). To evaluate cloud 

coverage, we applied a hierarchical clustering 

algorithm to establish clear and overcast sky 

thresholds for each location. We then evaluated the 

effective cloud cover index for each image in all 

four locations. Next, we estimated the Cloud 

Motion Vectors (CMV) using an optical flow 

algorithm, providing the necessary information for 

forecasting cloud coverage over time horizons 

ranging from 10-15 minutes to 2 hours. The 

reliability of these forecasts was ensured through a 

comparison between the forecast outputs and 

observed satellite images (Validation 1) using the 

Costanza approach. The final step involved 

forecasting and validating Global Horizontal 

Irradiance (GHI) (Validation 2), comparing GHI 

forecasts with groundtruth data observed in each 

location. 

 

 
Figure 1. Methodology diagram applied in this 

study. 
 

Satellite Data 

The satellite images used in this study 

originate from the Cloud and Moisture Imagery, 

made available by GOES-16 in different spectral 

bands (including the one chosen for applying the 

methodology in this study: band 2, a visible band 

with a 0.5-km spatial resolution). The temporal 

resolution was 15 minutes before April 2019 and 

10 minutes since then. In each measurement 

location, four months - January, April, July, and 

October - were used to forecast cloud motion in 

different atmospheric and seasonal climate 

conditions. Then, we applied the forecasted cloud 

coverage image into a radiative transfer model to 

understand the performance of the proposed CMV 

approach in forecasting the downward surface solar 

irradiance. 

 

Groundtruth measurements 

In total, four strategically chosen locations 

with distinct climate classifications (Alvares et al., 

2013) were selected in different regions of Brazil. 

These locations, Brasília (Central region of Brazil), 

Cachoeira Paulista (Brazilian Southeastern region), 

Petrolina (Brazilian Northeastern region), and São 

Martinho da Serra (South of Brazil), were chosen 

for their unique climate conditions and the 

availability of surface solar irradiance data 

observed with class 1 pyranometer in the ground 

site measurements sites operating in the SONDA 

network. The GOES-16 satellite images used as the 

input parameter for the model were shaped into 

four by 4-degree boxes with a solarimetric surface 

station at their center (Figure 2).  

Brasília (brb), marked as “1” in Figure 2, 

has a tropical climate with a dry winter. Maximum 

precipitation occurs in November and December, 

and the maximum incidence of solar radiation 

occurs in September and October. Similarly, 

Cachoeira Paulista (cpa) has a dry winter and rainy 

summer, with milder temperatures than Brasília in 

the winter. The rainfall regimes of both 

municipalities are significantly influenced by the 

South American monsoon, a regional climate 

system (Reboita et al., 2010; Pereira et al., 2017). 

Petrolina (ptr) lies in the Brazilian semi-

arid, resulting in considerably lower monthly 

rainfall rates. The climate characteristic in the 

measurement location and its latitude contribute to 

its high levels of global horizontal irradiance 

reaching the surface throughout the year, especially 

during the second half. São Martinho da Serra 

(sms) has a humid subtropical climate without a 

defined dry season; its monthly rainfall averages 

range from 100 to 200 mm. Its geographical 

position and the influence of the passage of frontal 

systems, which carry a more significant amount of 

cloud cover, render it the location with the lowest 

annual average of surface downward solar 

irradiance out of the other three locations (Pereira 

et al., 2017; de Albuquerque Cavalcanti et al., 

2021). 
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Figure 2. Location of the four ground measurement sites in Brazilian territory. The square boxes represent the 

4° x 4° dimensions in GOES-16 satellite images around the ground measurement geographical coordinates. 

 

 

Effective cloud cover evaluation 

Effective cloud cover (𝐶𝑒𝑓𝑓) is a 

dimensionless index used by several numerical 

modeling approaches to forecast surface downward 

solar irradiance (Cano et al., 1986; Lorenz et al., 

2003; Martins et al., 2008a; Urbich et al., 2018). It 

is based on the premise that cloud coverage over a 

given area constitutes the primary modulating 

factor of surface solar irradiance (Martins et al., 

2003). The 𝐶𝑒𝑓𝑓 index is calculated from the 

reflectivity of the clouds in satellite images. 

 

𝐶𝑒𝑓𝑓 =
𝜌−𝜌𝑐𝑙𝑒𝑎𝑟

𝜌𝑐𝑙𝑜𝑢𝑑−𝜌𝑐𝑙𝑒𝑎𝑟
             (1) 

 

where 𝜌  is the instantaneous reflectivity of the 

surface obtained from a satellite image, 𝜌𝑐𝑙𝑒𝑎𝑟 

refers to the 𝜌 value associated with the reflectivity 

of the surface in clear sky conditions, and 𝜌𝑐𝑙𝑜𝑢𝑑 

represents the 𝜌  value observed by satellite in a 

completely overcast sky condition. Therefore, to 

determine the value of 𝐶𝑒𝑓𝑓, it is necessary to 

establish the reference thresholds for both clear and 

overcast sky conditions. This was achieved by 

utilizing Ward's (1963) hierarchical clustering 

algorithm, which uses images captured daily at the 

same time within a month. The 30-day time 

window was selected because the geometry of the 

Sun-Earth system undergoes a slight change during 

this period, causing a minimal impact on the pixel 

reflectance. 

The clustering methodology categorizes 

images into four groups: pixels in clear sky (no 

cloud cover), completely cloudy pixels (fully 

cloudy sky with high reflectivity clouds), and two 

groups of partially cloudy pixels: partial cloud 

cover and highly variable cloud cover, based on 

criteria proposed by da Rocha et al. (2022). Thus, 

the proposed categorization can identify the 

numerical thresholds that define the values of 

𝜌𝑐𝑙𝑒𝑎𝑟 and 𝜌𝑐𝑙𝑜𝑢𝑑 to calculate 𝐶𝑒𝑓𝑓. Figure 3 shows 

a schematic diagram representing the 

determination of 𝜌𝑐𝑙𝑒𝑎𝑟 and 𝜌𝑐𝑙𝑜𝑢𝑑 values at the 

four ground measurement locations. This process 

begins with a dataset consisting of a sample of 30 

grayscale satellite images of each location, 

captured at the same time on different days. 
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Figure 3. Clear and overcast sky thresholds with hierarchical clustering. 

 

Each image is represented as an array of 

pixel intensity values, where zero (“0”) 

corresponds to black (low reflectivity) and one 

(“1”) to white (high reflectivity). To structure the 

dataset, the pixel values in each image are sorted in 

ascending order while preserving their spatial 

arrangement. This process results in a sequence of 

30 images ordered from the least to the most 

reflective, effectively representing a gradient of 

cloud cover conditions. 

To classify cloud cover, a random selection 

of 200 pixels is extracted from each image. 

Hierarchical clustering is applied to these sampled 

pixels, grouping them into the four aforementioned 

categories. The centroids of these clusters serve as 

threshold values, which are then used to categorize 

all pixels in the original images. Using these 

thresholds, the original satellite images are 

transformed by replacing each pixel with its 

corresponding cluster centroid value. This process 

effectively removes surface features, and the result 

is a categorized representation of cloud cover, 

isolating atmospheric features from the underlying 

surface. To assess the accuracy of this process, the 

categorized images are compared to the original 

grayscale images using pixel-wise root mean 

square error (RMSE). This process is repeated 20 

times to optimize the classification thresholds, 

selecting the set of values that minimizes RMSE 

and provides the most accurate representation of 

cloud patterns. By systematically refining the 

threshold values, we ensure that the categorized 

images retain essential cloud features while 

minimizing discrepancies with the original dataset. 

 

Optical flow algorithm 

After obtaining the values for 𝐶𝑒𝑓𝑓 at each 

location at different times of the year, the images 

were used as an input parameter for the optical flow 

algorithm using the open-source Computer Vision 

library (Bradski, 2000; Bradski & Kaehler, 2008) 

(in Python) and Farnebäck’s (2003) methodology. 

This strictly statistical approach ignores physical 

parameters such as wind shear, cloud types, and 

thermodynamic conditions in the atmospheric 

column as it generates forecast images. Before 

running the optical flow algorithm, it was 

necessary to convert the image information to 𝐶𝑒𝑓𝑓 

values, as discussed in the previous topic. 

Table 1 shows the input parameters for 

setting up the Farnebäck method. Different winsize 

and iteration values in two-hour forecasts and a 

time series with seven days of satellite imagery for 

each location were evaluated. The combination of 

parameters that generated the surface solar 

irradiance estimates with the lowest uncertainties 

was established as the final parameters’ 

configuration of the algorithm. The choice of the 

seven days was adopted considering two aspects: 

the high computational cost of running the 

algorithm and achieving a statistical sample set 

representative of each location. 

 

Table 1. Input parameters of the Farnebäck’s 

optical flow algorithm. 

Parameter 
Location 

brb cpa ptr sms 

Pyr_scale 0.5 0.5 0.5 0.5 

levels 5 5 5 5 

winsize 25 25 35 25 

iterations 7 3 5 3 

Poly_n 5 5 5 5 

Poly_sigma 1.2 1.2 1.2 1.2 
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Validation 1: Costanza method 

To verify the confidence of the forecasted 

cloud coverage generated by the optical flow 

algorithm, we utilized the method proposed by 

Costanza (1989) for evaluating the image pattern 

similarities between a forecasted cloud coverage 

image and a satellite-acquired image.  

The validation procedure determines the fit 

index (𝐹𝑡) described in equation (3). Firstly, we 

establish a sample window size, which starts at 1x1 

and progressively expands to match the size of the 

original array representing the entire image. The 

following equation determines the fit of a particular 

sampling window 𝐹𝑊: 

𝐹𝑊 =
∑ [1−

∑ |𝑎1𝑖−𝑎2𝑖|
𝑝
𝑖=1

2𝑤²
]

𝑡𝑤
𝑠=1

𝑠

𝑡𝑤
   (2) 

 

in which 𝐹𝑊 is the adjustment value of a w-size 

window; 𝑎𝑘𝑖 is the number of cells of a category i 

in a scene k in the sampling window; p is the 

number of categories in the sampling window; s is 

the w by w dimension sampling window, which 

moves across the scene one cell at a time; and 𝑡𝑤 is 

the total number of sample windows in the scene in 

a w-sized window. 

After adjusting the windows from size “1 

by 1” to the original image dimensions, it is 

necessary to aggregate the fit values for all 

windows and obtain the value of the overall 

goodness of (𝐹𝑡), as in the equation below: 

𝐹𝑡 =
∑ 𝐹𝑊𝑒−𝑘(𝑤−1)𝑛

𝑤=1

∑ 𝑒−𝑘(𝑤−1)𝑛
𝑤=1

    (3) 

Equation 4, a balanced approach, is a 

weighted average of all the fits of several window 

sizes. It provides greater weight to smaller 

windows, while still considering the larger ones. 

The k-value, a constant, determines the weight of 

smaller windows relative to larger ones. If k = 0, 

all window sizes are equally weighted; if k = 1, 

only the smaller windows are significant. In our 

study, due to the relatively large image sizes, we 

chose a value of k = 0.6, which strikes a fair 

balance between smaller and larger windows. 

Finally, the coefficient z determines the 

statistical significance of the result of validating the 

future image forecast: 

𝑧 =
𝐹𝑡

𝜇⁄

 𝜎
     (4) 

where 𝜇 and 𝜎 correspond to the mean and standard 

deviation of the 𝐹𝑡 for 20 random scenarios, 

respectively. The random images required to 

estimate 𝑧 are generated by shuffling the categories 

in the original scene, preserving the number of 

occurrences of each category; at least 20 random 

scenarios are required. The forecast images are 

considered statistically significant if 𝑧 is greater 

than 10. 

 

GHI estimates 

The GHI forecast is based on Equation 5, 

which assumes a linear relationship between 

effective cloud cover and downward surface solar 

irradiance at the surface (Siqueira et al., 2025; 

Martins et al., 2003). The average 𝐶𝑒𝑓𝑓 in a 19 by 

19-pixel area around the ground measurement sites 

was used to reduce geometric effects when 

comparing estimates at grid points with point 

values measured at the surface. This configuration 

produced the best results and closely resembled the 

geometry used in mapping solar irradiance on the 

surface of the Brazilian territory using images from 

the visible channel of the GOES-12 satellite 

(Martins et al., 2008b). 

 

𝐺𝐻𝐼 = 𝐺0{(𝜏𝑐𝑙𝑒𝑎𝑟 − 𝜏𝑐𝑙𝑜𝑢𝑑)(1 − 𝐶𝑒𝑓𝑓) + 𝜏𝑐𝑙𝑜𝑢𝑑} (5) 

 

where 𝐺𝑜 is the downward solar irradiance at the 

top of the atmosphere, and 𝜏𝑐𝑙𝑒𝑎𝑟 and 𝜏𝑐𝑙𝑜𝑢𝑑 are the 

atmospheric transmittances under clear and 

completely cloudy sky conditions obtained by 

solving the radiative transfer equation in 30 

atmospheric layers and 135 spectral intervals, 

respectively. 

The global surface solar irradiance was 

calculated using Equation 5, assuming a 0.05 for 

the cloud optical depth (𝜏𝑐𝑙𝑜𝑢𝑑). This calculation 

was based on solar irradiance mapping experience 

with the Brazil-SR model (Gonçalves et al., 2020). 

The clear sky optical depth (𝜏𝑐𝑙𝑒𝑎𝑟) was determined 

using the 'NREL' method available in the pvlib 

library in Python (Anderson et al., 2023), based on 

the geographic coordinates of the solarimetric 

stations. Following the previous steps, the 

forecasted effective cloud cover (𝐶𝑒𝑓𝑓) was 

obtained from forecasted images. Surface 

downward global horizontal irradiance (GHI) 

estimates were made at three different times - 9 am, 

12 pm, and 3 pm (Universal Time Clock) - for 

January, April, July, and October, resulting in 

3,960 estimates for each location. 

 

Validation 2: CMV-based Model validation 

In this second validation step, we 

compared the GHI outputs from the CMV-based 

model with the forecasts provided by the 

persistence model using the Forecast Skill Score 

(FS) metric described in equation (6). The 
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persistence forecast model assumes that the 

atmospheric transmittance remains constant for 

future horizons, and the surface downward solar 

irradiance (𝐺𝐻𝐼𝑝) will be adjusted considering only 

the daily cycle of solar irradiance at the top of the 

atmosphere, as described in equation (7). 

 

𝐹𝑆 = 1 −
𝑛𝑅𝑀𝑆𝐸𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡

𝑛𝑅𝑀𝑆𝐸𝑝𝑒𝑟𝑠𝑖𝑠𝑡𝑒𝑛𝑐𝑒
  (6) 

where 

𝑛𝑅𝑀𝑆𝐸 =
√

1

𝑛
∑ (𝐺𝐻𝐼𝑓𝑠−𝐺𝐻𝐼𝑜𝑏𝑠)

2𝑛
𝑖=1

𝐺𝐻𝐼𝑜𝑏𝑠
, 𝐺𝐻𝐼𝑓𝑠 and 

𝐺𝐻𝐼𝑜𝑏𝑠 are the forecasted and observed GHI, 

respectively, and 𝐺𝐻𝐼𝑜𝑏𝑠 represents the average of 

observed GHI. 

 

𝐺𝐻𝐼𝑝(𝑡 + ℎ) = [
𝐺𝐻𝐼𝑜𝑏𝑠(𝑡)

𝐺𝑜(𝑡)
] 𝐺0(𝑡 + ℎ) (7) 

 

where ℎ is the forecast horizon from 15 to 120 min 

ahead of the current time. 

 

Availability of the computer codes and datasets 

All numerical codes developed during the 

research were developed in Python and are 

available for public access in the GITHUB 

repository (https://github.com/rod-

xavier/optical_flow). The database of downward 

surface solar irradiance collected at the four ground 

sites of the SONDA network can be accessed at 

http://sonda.ccst.inpe.br/. The GOES-16 satellite 

imagery can be downloaded from 

https://home.chpc.utah.edu/~u0553130/Brian_Bla

ylock/cgi-bin/goes16_download.cgi.  

 

 

Results and discussion 

Optical flow-based forecast images 

In this section, we present the absolute 

deviation of the modeled 𝐶𝑒𝑓𝑓 in the images 

generated after applying the optical flow algorithm 

in two distinct scenarios. The first scenario exhibits 

a relatively low absolute deviation, while the 

second highlights the limitations of the chosen 

approach more prominently. Figure 4 displays the 

cloud pattern present in Cachoeira Paulista during 

the summer in the southern hemisphere, indicating 

that the optical flow algorithm is performing well, 

especially in the earliest time steps, with smaller 

and more isolated high-deviation areas. From 

t+105 onwards, these regions have become more 

widespread, indicating that errors accumulate over 

time, likely due to increasing uncertainties in cloud 

motion prediction. 

The second scenario (Figure 5) displays the 

absolute deviation during the spring season in São 

Martinho da Serra. In this example, cloud 

formation processes are rapidly taking place due to 

atmospheric instability, which is typical during this 

time of the year. This, in turn, decreases the 

performance of the optical flow algorithm, 

especially from forecast horizons t+50 onwards. 

 

 

 

 
Figure 4: The absolute deviation (adimensional) of the effective cloud cover between forecast and observed 

images during the austral summer in Cachoeira Paulista. 
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Figure 5: The absolute deviation (adimensional) of the effective cloud cover between forecast and actual 

images during the austral spring in São Martinho da Serra. 

 

Costanza Method 
Figure 6 shows the 𝐹𝑡 values (y-axis) and 

statistical significance 𝑧 (grayscale) for each 

location, grouped in dates according to the 

atmospheric conditions of the austral summer. The 

numbering from one to eight on the x-axis refers to 

each forecast horizon, starting at 15 min and ending 

at 120 min ahead. Timesteps with no values of 𝐹𝑡 

and 𝑧 indicate a lack of observed satellite images. 

During the summer season (Figure 6), 

much of the Brazilian territory is strongly 

influenced by convective rainfall, primarily driven 

by atmospheric instability. As a result, the behavior 

of 𝐹𝑡 follows a similar pattern across all locations, 

meaning that the quality of the forecasted images 

tends to degrade at comparable rates. However, 

despite this decline in accuracy, the forecasts 

remain statistically significant throughout the 

entire forecast window (𝑧 > 10), indicating that 

the optical flow algorithm maintains useful 

predictive capability even as errors accumulate 

over time. 

In contrast, the fall season (Figure 7) 

exhibits a different pattern. As the short rainy 

season ends in Petrolina, cloud cover becomes less 

frequent, leading to a more stable 𝐹𝑡 value. This 

stability arises from the drier atmospheric 

conditions, which reduce the occurrence of cloud 

formation. However, convective activity remains 

more prevalent in the remaining locations, 

contributing to persistent cloud cover and increased 

atmospheric variability. This, in turn, negatively 

affects the performance of the optical flow 

algorithm, as it struggles to accurately predict the 

evolving cloud structures (cloud formation and 

dissipation). 

During winter (Figure 8), the primary 

weather systems responsible for rainfall in all 

locations, except Petrolina, are cold fronts. Unlike 

convective systems, cold fronts are more organized 

and stable, making their movement easier to predict 

using optical flow. Since this approach is purely 

statistical, its effectiveness improves when dealing 

with well-defined, large-scale weather patterns. 

This effect is particularly evident in Cachoeira 

Paulista and São Martinho da Serra, where 𝐹𝑡 

values remain more stable over time compared to 

the other locations, suggesting a higher degree of 

predictability. 

In the austral spring (Figure 9), 

atmospheric conditions exhibit characteristics of 

both summer and winter. For instance, in Brasília 

and Cachoeira Paulista, both frontal systems and 

convective activity can still be observed due to 

lingering atmospheric instability. This seasonal 

transition results in a mixed pattern, where both 

organized frontal movements and harder-to-predict 

convective cloud formations impact optical flow 

performance. The decrease in forecast accuracy is 

especially noticeable in Cachoeira Paulista and São 
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Martinho da Serra, where the presence of both 

weather regimes creates additional challenges for 
the algorithm, leading to greater variability in 𝐹𝑡 

values. 

 

 
 

 
Figure 6.𝐹𝑡  values obtained from the Costanza method (y-axis) and its statistical significance, z (grayscale 

color bar), in the four ground measurement locations during summer. The values on the x-axis refer to the 

forecast horizons at 15-minute intervals, starting at min and ending at 120 min. 

 
 

 
Figure 7. 𝐹𝑡 values obtained from the Costanza method (y-axis) and its statistical significance, z (grayscale 

color bar), in the four ground measurement locations during fall. The values on the x-axis refer to the 

forecast horizons at 10-minute intervals, starting at min and ending at 120 min. 
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Figure 8. 𝐹𝑡 values obtained by the Costanza method (y-axis) and its statistical significance, z (grayscale 

color bar), in the four ground measurement locations during winter. The values on the x-axis refer to the 

forecast horizons at 10-minute intervals, starting at min and ending at 120 min. 

 
 

 
Figure 9. 𝐹𝑡 values obtained by the Costanza method (y-axis) and its statistical significance, z (grayscale 

color bar), in the four ground measurement locations during winter. The values on the x-axis refer to the 

forecast horizons at 10-minute intervals, starting at min and ending at 120 min. 

 
 

Forecast Skill Score 

Figure 10 shows the evolution of the 

forecast skill score index, FS, for the predictions of 

GHI in the four locations. As no ground truth 

measurements are available for autumn and winter 

in Petrolina, this study could not validate its GHI 

forecast results for both seasonal periods.  

For the Summer season, the performance 

of the forecast methodology based on CMV is 

lower than the persistence forecast for all sites 

except Petrolina, in which the model estimates 

achieve positive FS after about 45 minutes (the 

upper left plot in Figure 10).  

 

 



Revista Brasileira de Geografia Física v.19, n.01 (2026) 018-032. 

28 

 

 

Figure 10: Skill Score seasonal plots (y-axis) on each forecast time step (x-axis) for ground measurement 

location to compare the CMV optical flow-based model and persistence-based model. 

The persistence method also offers better 

results for the 10-min and 20-min forecast horizons 

in Autumn at Brasília and Cachoeira Paulista (see 

the upper right plot in Figure 10). However, 

subsequent forecast horizons show a better forecast 

of the CMV-based model. In São Martinho da 

Serra, the CMV-based model performed better for 

horizons longer than 1 hour, producing predictions 

with RMSE deviations 60% lower than the 

persistence model for 120 minutes ahead. Overall, 

the CMV-based forecast model performs poorer 

than the persistence method at all locations on the 

initial forecast horizons, outperforming the latter in 

later time steps. 
The CMV-based model demonstrates its 

prowess in the winter season, as depicted in the 

lower left plot of Figure 10. It consistently 

outperforms persistence forecasts after 

approximately 50 minutes ahead in all locations. 

The proposed model also delivers satisfactory 

results for spring in all locations. However, as in 

the previous season, the persistence method 

initially outperforms the CMV-based model during 

the first forecast horizon.  

Similar time behavior was found in recent 

studies. Yang et al. (2023) proposed a different 

approach using raw satellite data (area average of 

satellite images) as input in a Random Forest (RF) 

machine learning model to generate 10-minute 

timesteps forecasts over a 180-minute window for 

three locations in Northwest China. Their RF 

model yielded a positive FS for every timestep 

compared to a climatology and persistence model, 

ranging from 0.13 (10-min) to 0.29 (120-min). This 

RF-based approach improves the initial forecast 

time steps compared to our forecast model. 

However, the CMV-based model yields better 

results on more advanced timesteps, consistently 

reaching FS scores close to 0.5. It is important to 

consider that the climatology of the four study 

locations in Brazil and China is distinct, presenting 

different challenges for the performance of the 

proposed forecast methodologies. 

Table 2 shows the average relative root 

mean square errors (rRMSE) for the GHI forecasts 
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in 30, 60, 90, and 120 minutes ahead for different 

locations and seasons. The results support Figure 

10, showing that the lowest forecast errors occur 

for more extended horizons (up to two hours ahead) 

during the winter for Brasília (rRMSE = 0.15%) 

and Cachoeira Paulista (rRMSE = 12%) and during 

the spring for Petrolina and São Martinho da Serra 

(rRMSE = 25% and 23% respectively). These 

findings align with previous research results. For 

instance, Urbich et al. (2018) found rRMSE values 

of 19% using Farnebäck's method in Germany for 

up to two hours of forecasting. On the other hand, 

the highest deviations tend to occur in the summer 

in all locations, with an rRMSE of 36% in São 

Martinho da Serra, consistent with similar studies. 

Kallio-Myers et al. (2020) and colleagues applied 

Farnebäck's algorithm in Finland, obtaining 

rRMSE values ranging from 29% to 53% for 

different locations over time horizons of up to two 

hours. Aicardi et al. (2022) used various methods 

for GHI forecasts over the South American humid 

pampa, with Farnebäck's algorithm showing 

deviations of 26% for forecasts of up to two hours. 

 

Table 2. Average seasonal nRMSE of the CMV-

based forecast model for all locations. The values 

are presented for forecast horizons in a 30-minute 

step. 

 Summer Autumn 

 brb cpa ptr sms brb ptr cpa sms 

t+30 33 22 36 36 33 - 26 39 

t+60 28 26 34 38 31 - 21 37 

t+90 32 22 31 37 41 - 18 40 

t+120 31 25 28 36 37 - 20 41 

 Winter Spring 

t+30 11 13 - 28 12 26 14 28 

t+60 12 12 - 26 15 22 15 20 

t+90 11 11 - 31 20 23 18 20 

t+120 15 12 - 32 22 25 16 23 

 

 

Conclusions 

This study produced 15,840 global 

horizontal irradiance estimations over four 

climatically distinct locations in the Brazilian 

territory at different times of the year. The 

estimations were generated using a CMV model, a 

key component of which is the optical flow 

methodology. This method, based on the equations 

of the Brazil-SR model, plays a crucial role in the 

accurate estimation of global horizontal irradiance. 

Results point to a clear difference in the forecast 

model's response across locations, with the model 

performing better in Brasília, Cachoeira Paulista, 

and Petrolina and obtaining similar results to the 

persistence method in São Martinho da Serra. 

Most research on optical flow focuses on 

medium/high-latitude territories. The horizontal 

temperature gradient in these locations gives rise to 

jet streams (intense westerly winds in the upper 

troposphere), the evolution of which constitutes the 

main factor determining weather conditions; 

atmosphere-surface interactions play a secondary 

role in this scenario. Due to the weak horizontal 

temperature gradient in the tropical region (where 

most of the Brazilian territory is situated), the 

atmosphere is much more sensitive to external 

forces. Thus, it directly responds to differences in 

surface heating.  

It is crucial to understand the limitations of 

the CMV-based model, particularly in convective 

cloud patterns. The optical flow method may have 

errors due to the formation and dissipation of 

clouds. When there are more convective clouds, 

like during the summer in Brasília and Cachoeira 

Paulista, the cloud cover pattern changes quickly. 

This makes the CMV-based model less effective 

than the persistence method, especially for short-

term forecasts. However, when the weather is 

influenced by frontal systems, such as winter and 

spring, the model can provide accurate GHI 

estimates close to what is observed at surface 

measurement sites. The proposed model also 

showed reliable performance for Petrolina for 

predictions for horizons from one to 2 hours ahead, 

likely due to its drier climate and the cloud 

coverage pattern caused by the Intertropical 

Convergence Zone during the rainy season. 

Acknowledging these limitations is the first step 

towards further research and improvement in the 

field. 

This study's unique focus on applying the 

optical flow method in Brazil significantly 

contributes to the field. It not only provides 

valuable insights but also opens up new avenues for 

research and development. Future research could 

explore alternative solutions to achieve superior 

results, particularly in forecasting the cloud 

movement vector in satellite images over Brazilian 
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territory. This potential for improvement 

encourages further exploration and development in 

the field, especially in the initial forecast moments 

where the developed model shows the lowest 

performance. It's an exciting time for the field, with 

plenty of opportunities for innovation and 

advancement. 
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