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ABSTRACT 

This study investigates the monthly rainfall prediction in decadal timescale using Facebook 

Prophet Model for Brisbane River catchment, Queensland, Australia. Monthly gridded 

observed rainfall (5km × 5km grid) for 1911-2015 was collected from the Australian Bureau 

of Meteorology and monthly hindcast decadal rainfall (1961-2015) of eight GCMs (MIROC4h, 

EC-EARTH, MRI-CGCM3, MPI-ESM-LR MPI-ESM-MR, MIROC5, CMCC-CM, and 

CanCM4) were collected from the Coupled Model Inter-comparison Project Phase-5 (CMIP5) 

data portal. After completing the initial data processing steps, the GCM datasets were 

interpolated onto a 5km × 5km grid matching with observed data. These were then averaged 

to produce a single Multi-model ensemble mean (MMEM) dataset. Three different cases for 

Prophet were considered: (i) only the observed data, (ii) observed data with MMEM as an 

additional regressor, and (iii) observed data with all individual models as additional regressor. 

The Prophet was trained starting from 1911 and 1961, for different cases, until 1995, 2000, 

and 2005, and then predictions were done for next ten years. These predictions were performed 

at three different locations within the catchment for three different decades: 1996-2005, 2001-

2010 and 2006-2015. The predicted values were examined using four quantitative skills: 

Pearson correlation, temporal anomaly correlation, index of agreement and mean absolute 

error. The results revealed that Prophet could not reproduce the upper and lower extremes. 

However, Prophet was able to reproduce the seasonal variations, and it performed better when 

reproducing dry events as opposed to the wet events. To alleviate this, correction factors were 

employed for the month of wet and dry periods. The results obtained by Prophet were also 

compared with three other regression models such as Ordinary Least Squares (OLS) linear 

(Linear), Automatic Relevance Determination (ARD) and Multi-layer Perceptron (MLP) for 
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the period 2006-2015 for case-II and found that Prophet shows better results in MAE, PCC and 

total rainfall.  

INTRODUCTION 

Rainfall is the most important climate feature and precious natural resource, which affects our livelihood 

and agriculture in many dimensions. An early and accurate prediction of rainfall enables more efficient 

management of agriculture, water resources, power development, and planning and development of 

infrastructure (Apurv et al., 2015; Hansen et al., 2011; Jones et al., 2000; Mehta et al., 2013). However, 

the prediction of this most important hydrological variable has become a challenging task in terms of 

accuracy due to its peculiar variations over time and space. Due to ongoing climate change, the temporal 

and spatial variations of rainfall have been intensified in the past few decades.  Over the past few years, 

rainfall prediction has become a greater concern to the research community (Ali et al., 2019; George et 

al., 2016; Hossain et al., 2020; Hung et al., 2009; Mekanik et al., 2011; Mislan et al., 2015; Ouyang et 

al., 2016). The rainfall prediction approaches are broadly classified into two main categories; (i) an 

empirical, data-driven statistical modelling approach; and (ii) a knowledge-driven, scientific 

understanding of physical mechanisms of hydrological processes. A knowledge-driven modelling 

approach such as General Circulation Model (GCM) provides climate features of coarse spatial 

resolutions over the entire globe based on the laws of thermodynamics and physics including many other 

factors. However, the knowledge-driven approach needs extensive data and computational facility that 

sometimes becomes unavailable (Hong, 2008). The data-driven approach is the most widely used 

modelling approach for rainfall prediction at the local level based on the observational relationship of 

the predictand variable. The data-driven approaches have some limitations and all approaches could not 

perform well in predicting for longer time spans as they cannot capture the non-linearity and dynamic 

behaviour of rainfall over time (Rajeevan, 2001; Zhang, 2003). Several statistical/stochastic methods 

have been used for rainfall prediction and most of them are based on regression analysis such as simple 

regression analysis (SRA), exponential smoothing, decomposition and auto-regressive integrated 

moving average (ARIMA). Every individual method has its strengths and weaknesses. For instance, 

ARIMA is a popular stochastic model for time series forecasting with greater flexibility. But, as a 

stochastic model, it needs stationarity of data (Machiwal and Jha, 2012) and its presumed linear form of 



the associated data sometimes makes it inappropriate for complex nonlinear time series data like rainfall 

(Zhang, 2003). This is why, a better output from ARIMA heavily depends on the expertise of the 

modeller (Machiwal and Jha, 2012). Dastorani et al., (2016) compared different forms of the ARIMA 

model and concluded that the model parameters need to be tuned to get a certain level of accuracy based 

on location and data type.  

Applications of machine learning algorithms, of which artificial neural networks (ANN) of the different 

forms of architecture, have been popular for many time series predictions including time series of rainfall 

(Hung et al., 2009; Lee et al., 2018; Meinke et al.,  2007; Mekanik et al., 2011; Mislan et al., 2015) and 

enhanced the prediction accuracy. According to the level of complexity of the dataset, ANN can be 

combined with different types of algorithms due to its highly flexible character. However, based on the 

need and opportunities, different researchers have come up with different research interests and time 

periods with the application of ANN. For instance, Wu et al., (2001) predicted monsoon rainfall in China 

over  10 years ahead whereas Chakraverty and Gupta, (2008) predicted Indian Monsoon rainfall 6 years 

in advance. To predict the summer monsoon of India for 1 year in advance,  Chattopadhyay and 

Chattopadhyay (2008) used 129 years of historical data. Though the ANN is good to capture the 

nonlinear relationship of data, the presence of outliers in the time-series data can critically affect the 

reliability of ANN as it is a grey box model. Thus ANN requires proper data pre-processing before its 

application especially for the climatic data (Committee, 2000; Ramírez et al., 2006). Some other hybrid 

models also came into existence and showed very good skills in rainfall predictions (Khandelwal et al., 

2015; Unnikrishnan and Jothiprakash, 2020; Zhang, 2003). However, all of the above-mentioned data-

driven approaches used the historically observed data and based on the historical relationship, they 

performed the predictions for several years ahead assuming the climatic conditions remain the same in 

the historical and prediction period.   

Compared to the other climatic variables, rainfall has been affected mostly due to ongoing climate 

change. Over the past few decades, temporal change and shifting of rainfall pattern, extreme rainfall 

during wet periods, extreme longer dry spell during dry periods, an overall reduction of total rainfall 

amount have been very common phenomena around the globe and these changes have been intensified 



due to the ongoing climate change (IPCC, 2014). Climate change exists and will continue to change, but 

the rate of change may be higher in the future. The future higher rate of climate change may adversely 

affect the future rainfall and its level of impact may be significant (IPCC, 2014). Therefore, researchers 

should not rely only on the data-driven approaches for future rainfall prediction. For this reason, this 

study aimed to predict future rainfall for decadal time scales in a combination of both the knowledge 

and data-driven approach. To do this, this study used Facebook Prophet (description provided later) 

model where historically observed rainfall was used as an input variable and GCMs rainfall from 

Coupled Model Intercomparison Project Phase-5 (CMIP5) decadal experiment (description provided in 

the data collection section) data were used as an additional regressor to guide Prophet in the prediction 

process. 

STUDY AREA AND DATA COLLECTION 

Study area 

This study used the Brisbane River catchment in Queensland that lies in the eastern states of Australia 

in between the latitudes 26.50S and 28.150S and the longitudes 151.70E and 153.150E. It has an area of 

13549 square kilometers and a sub-tropical climate where maximum rainfall occurs during summer 

(December-January-February) and minimum rainfall in winter (June-July-August) (Climate-Data, 

2020). Monthly observed rainfall (1911-2015) over the Brisbane River catchment varied from nil to 

1360 mm with an annual average rainfall of 628 mm (BoM, 2020) and the number of upper and lower 

extremes are not quite small. Brisbane catchment was selected because of its tropical climate nature with 

low to moderate yearly rainfall variability. 

Data collection 

The observed monthly gridded rainfall of 0.05° × 0.05° (5km × 5km) spatial resolution for entire 

Australia were collected from the Australian Bureau of Meteorology (BoM). The BoM has produced 

the gridded data using the Australian Water Resources Assessment Landscape model (AWRA-L V5) 

(Frost et al., 2016). 

Monthly hindcasts rainfall (precipitation) data of decadal time scale from eight (EC-EARTH MIROC4h, 

MRI-CGCM3, MPI-ESM-LR, MPI-ESM-MR, MIROC5, CanCM4, and CMCC-CM) GCMs were 

downloaded from CMIP5 data portal (https://esgf-node.llnl.gov/projects/cmip5/) for the period 1960-

https://facebook.github.io/prophet/docs/quick_start.html


2005; initialized at 1960, 1965, 1975… thus every five years up to 2005. The name of models, their 

group number, spatial resolutions, and the available historical run are given in Table 1. 

Data processing  

The considered GCMs had different calendars systems. Initially, all models' calendars were transformed 

to Proleptic_Gregorian and the precipitation units were converted to millimeter. In the first step, all the 

available ensembles of individual initializations were averaged to produce a single dataset and then were 

subsets for the Australian region. Secondly, the averaged ensembles were spatially interpolated by the 

second-order conservative method onto 0.05°×0.05° spatial resolution thus matching with the grid used 

in the observed data and then both the models’ and observed datasets were cut for the Brisbane River 

catchment. Every initialization spans a dataset of 10 years that overlaps five years with the dataset of 

the next initializations. In the third step, the last five years of each initialization, except 2005, were 

discarded and the first five years were combined to produce a single time series from 1961 to 2015.  

Table 1: List of models (GCMs) used as additional regressor in this study 

Modelling Centre (or Group) 

Model 

(Resolutions lon 

× lat)) 

Initialization Year (1960-2005) 

60 65 70 75 80 85 90 95 00 05 

Number of ensembles 

EC-EARTH Consortium 
EC-EARTH 

(1.125 X  1.1215) 
14 14 14 14 14 14 14 14 10 18 

Meteorological Research Institute 
MRI-CGCM3 

(1.125 X  1.1215) 
06 08 09 09 06 09 09 09 09 06 

Max Planck Institute for 

Meteorology 

MPI-ESM-LR 

(1.875 X  1.865) 
10 10 10 10 10 10 10 10 10 10 

MPI-ESM-MR 

(1.875 X  1.865) 
03 03 03 03 03 03 03 03 03 03 

Atmosphere and Ocean Research 

Institute (The University of Tokyo), 

National Institute for 

Environmental Studies, and Japan 

Agency for Marine-Earth Science 

and Technology 

MIROC4h 

(0.5625 X  

0.5616) 

03 03 03 06 06 06 06 06 06 06 

MIROC5 

(1.4062 X  

1.4007) 

06 06 06 06 04 06 06 06 06 06 

Canadian Centre for Climate 

Modelling and Analysis 

CanCM4 

(2.8125 X  

2.7905) 

20  20 20 20 20 20 20 20 20 20 

Centro Euro-Mediterraneo per I 

Cambiamenti Climatici 

CMCC-CM 

0.75 X 0.748 
03 03 03 03 03 03 03 03 03 03 

Hossain et al., (2021a) evaluated the performance of individual models and the multi-model ensembles 

mean (MMEM) of different combinations, from the eight selected models, over the Brisbane River 

catchment and reported that combination of five models;  EC-EARTH MIROC4h, MRI-CGCM3, MPI-

ESM-LR, and MPI-ESM-MR showed better skills than other combinations. This study used the 



averaged values of these five models as MMEM and henceforth MMEM will refer to the arithmetic 

averaged values of the aforementioned five best models reported here (Hossain et al., 2021a). 

MODELLING AND DATA ANALYSES 

This study uses Facebook Prophet, an open-sourced time series forecasting library made available in 

Python and R by Facebook's Core Data Science team, for rainfall forecasting in decdal scale. Though 

Prophet is built for business cases, it works for observed hourly, daily, weekly, and monthly time series 

data which has strong seasonality. It models time series as a generalized additive model combining the 

trend function, seasonality function, holiday effects, and an error term as given in equation (1). 

𝑌(𝑡) = 𝑔(𝑡) + 𝑠(𝑡) + ℎ(𝑡) + ∈𝑡                        (1)  

Where 𝑔(𝑡) and 𝑠(𝑡) represent the trend and seasonality respectively whilst ℎ(𝑡) presents the holiday 

effect and ∈𝑡 is the error terms. As this study uses the monthly rainfall data as an input variable, 

therefore, holiday effect will be invalid here. Prophet provides a decomposition regression model that is 

extendable and easy to use for time series forecasting with a wide range of tuneable parameters. It has 

functionality for cross-validation to measure the forecasting errors and also has provision to add 

additional regressor and customize the seasonality. The additional regressor feature enhances 

forecasting accuracy, makes the prediction process more transparent, and helps to tune the prediction 

process. The additional regressor must be a separately forecasted variable that should be available for 

both the training and prediction periods.    

Prophet can handle outliers, without any requirement for imputation, and missing data but the best way 

to handle the outliers is to remove them. Taylor and Letham (2018) described further information about 

Prophet on simulating historical forecasting. Compared to the other data-driven approaches, Prophet has 

two main advantages; (i) Prophet automatically detects changes in trends by selecting changepoints from 

the historical data and it is much more straightforward to create a reasonable, accurate forecast, (ii) Its 

predictions are customizable in ways that are intuitive to non-expert users and doesn't need rigorous data 

pre-processing. It is easy to use and the components are easily explainable. Its predictions are pretty 

decent, however, in some cases, certain parameters need to be tweaked compared to the default setting 

and that can be easily done. 

https://facebook.github.io/prophet/docs/quick_start.html


In this study, Prophet was used to predict monthly rainfall for a decadal time scale. To compare the 

Prophet's prediction, this study considered three different cases: (i) only the observed data, (ii) observed 

data with MMEM as an additional regressor and (iii) observed data with 8 individual models of CMIP5 

decadal experiments as eight additional regressors. For the first case, the model was trained from 1911 

[referred as case-I (a)] and 1961 [referred as case-I (b)]. For the second and third cases, Prophet was 

trained from 1961 because of GCMs data are available from 1961 to 2015. However, to train the model, 

the most important task is to optimize the model parameters. Yearly seasonality of 365.25 periods is 

considered here as this study used monthly precipitation data as the model input. To optimize the other 

parameters, a wide range of parameter values were given and the best parameters combination were 

chosen based on the minimum mean absolute errors using scikit-learn ParameterGrid function. 

However, optimization of the parameters' values was performed at a single grid point (latitude 27.50S 

and longitude 153.050E), which is closest to an automated weather station (AWS, located at latitude 

27.480S and longitude 153.040E) in Brisbane River catchment operated by the Bureau of Meteorology 

(BoM), Australia. These optimized parameter values were then applied to the two other grid points 

within the catchment to check how these optimized parameters perform for other points. As Prophet 

performs better without outliers,  the monthly rainfall values above 250 mm in the observed dataset were 

set to 250 and zero values were replaced by 1.0 mm. Prophet was then trained from 1911 for the first 

and 1961 for the second and third cases, to 1995, 2000, and 2005 and predicted the precipitation for the 

next ten years. These predictions were done for three different decades; 1996-2005, 2001-2010, 2006-

2015 to investigate how the different training periods affect Prophet's performance. Note that, Prophet 

starts prediction from its training period and continues to predict the future values for the specified 

period. In addition to the predicted values, it also provides upper and lower limits along with other 

statistical parameters. Here, as the Prophet could not reproduce the upper (in summer) and lower extreme 

rainfall (in winter), a correction factor of 0.85 for July and August, 1.15 for December, and an average 

of the upper limit and the predicted values were employed for January and February. These correction 

factors were selected based on the trial and error basis as well as the performance of the Prophet from 

the historical prediction (training period) at different randomly selected grids within the Brisbane River 

catchment. The final predicted values were then examined using four different skills such as Pearson 



correlation, Anomaly correlation coefficient, Index of agreement and Mean Absolute error. Detail 

description of these skill tests can be found here (Hossain et al., 2021b).  

To compare the performance of Prophet, this study also used three different regression models; Ordinary 

Least Squares (OLS) linear (Linear), Automatic Relevance Determination (ARD) and Multi-layer 

Perceptron (MLP) regression to predict rainfall for the period 2006-2015 at the observed station and for 

the case-II only. The regression models’ predicted values were also checked through the same skill tests 

and compared with the skills of the Prophet. 

RESULTS AND DISCUSSION 

Prophet predicted precipitation 

The Prophet predicted rainfall of case-II at the observed grid is shown in Figure 1 where a decreasing 

trend was evident from 1963 onward and similar trends were also observed in the other cases.  

 

Figure 1 : Monthly rainfall prediction (2006-2015) by Facebook Prophet considering MMEM as an 

additional regressor at the observed grid. The vertical dotted lines are presenting the automatically 

detected changing points of trend and the horizontal dotted lines (at 0 and 600) presenting the model cap 

used for prediction. The shaded area above and below the trend line presents the upper and lower limits 

of the forecasted values. 

In case-I (a), a slightly increasing trend was observed between 1917 to 1963 (not shown) but the 

decreasing trend was found more prominent after 1963 which is an indication of historical rainfall 



reduction over the catchment. From Figure 1 it is evident that Prophet could reproduce the seasonal 

variations as well as the historical trends with the breakpoints of the trend but could not catch the upper 

or lower extremes.  To catch the extreme values in dry or wet periods, we took the average of predicted 

values and their upper limits for January and February, as the upper extremes are mostly observed in 

these two months, and introduced correction factors (mentioned earlier) for December, July, and August.  

 

Figure 2: Comparison of Prophet predicted precipitation of different cases with the observed 

precipitation at the selected grid. The horizontal axis presenting the predicted periods and the vertical 

axis presenting the predicted monthly precipitation. 

The factored Prophet's predicted monthly precipitation (at the observed station) for three different 

decades (1996-2005, 2001-2010 and 2006-2015) and all the considered cases are presented in Figure 2. 

Results revealed that the corrected (factored) values can catch the lower extremes(dry events) better 

than the upper extremes (wet events). By comparing the predicted values of different cases (Figure 2), 



it is found that there is no noticeable difference among the considered cases but case-I(a) found better 

to catch the peak values than the other cases. These were also evident in the skill tests. 

Comparison of skills 

The Prophet predicted rainfall values were compared with the corresponding observed values (with 

outliers) using four skill tests at three selected grid points and the results are presented in Table 2. 

Though no noticeable differences were observed among the cases in Figure 2, Prophet without the 

regressor showed little better skills in the 1st (1996-2005) and 2nd decades (2001-2010) than the Prophet 

with additional regressor and reverse in the 3rd decades whereas Prophet with the regressor showed 

better skills (see Table 2) In the other two grids, case-II showed better skills than case-I(b) but not better 

than case-I(a). Skill test results show that PCC and ACC vary from 0.37 to 0.59 over the decades and 

the considered points. PCC values above 0.5 are assumed that the predicted values are moderately 

correlated to the observed values and values more than 0.55 seem a good score, especially for a ten-year 

time. In this study, most of the PCC values in the first and second decades are below 0.5 whilst in the 

last decade, all PCC values are above 0.5 in the last decades.  

Table 2 : Skill comparison of different cases at three selected grid points including the observed 

station. 

Grid 

Points 

 

Cases 

 
1996-2005 

 
2001-2010 

 
2006-2015 

Lon/Lat   MAE PCC ACC IA  MAE PCC ACC IA  MAE PCC ACC IA 

 153.05 / -

27.50 

(Observed 

Point) 

 I-(a)  48.2 0.370 0.366 0.526  52.2 0.426 0.423 0.561  53.6 0.549 0.536 0.615 

 I-(b)  52.3 0.401 0.376 0.542 49.1 0.411 0.406 0.512  55.9 0.525 0.418 0.492 

 II  51.8 0.393 0.371 0.536 50.1 0.394 0.388 0.50  56.0 0.519 0.432 0.510 

 III  53.1 0.383 0.358 0.523 49.8 0.369 0.361 0.488  55.3 0.523 0.477 0.562 

152.3/-

27.65 

 I-(a)  38.7 0.446 0.432 0.601  38.7 0.526 0.519 0.654  37.6 0.584 0.583 0.675 

I-(b)  42.0 0.463 0.422 0.593 42.0 0.531 0.502 0.653  36.5 0.572 0.537 0.612 

II  42.4 0.469 0.422 0.592 42.0 0.534 0.504 0.654  36.6 0.587 0.560 0.634 

III  42.3 0.466 0.422 0.594 41.1 0.518 0.494 0.648  36.4 0.579 0.548 0.627 

152.60/-

27.0 

 I-(a)  44.9 0.452 0.448 0.614  47.4 0.430 0.429 0.582  52.9 0.506 0.490 0.569 

I-(b)  50.0 0.478 0.439 0.608 44.4 0.427 0.419 0.541  53.3 0.494 0.470 0.537 

II  48.7 0.477 0.445 0.614 44.8 0.432 0.430 0.578  53.3 0.510 0.478 0.551 

III  50.6 0.447 0.415 0.591 45.1 0.410 0.407 0.544  52.6 0.515 0.477 0.548 

ACC compares the predicted anomalies corresponding to the observed anomalies. As this study 

calculated anomalies of every individual year and ACC is the temporal average score over the 10 years 

period, therefore, ACC values above 0.5 can be considered as a good score. However, ACC values are 

minimum and remained below 0.5 at the observed point, where the model parameters were tuned, but a 

gradual increase over the decades is promising. The reason behind the lower score of ACC is the 



numerous upper extremes at the observed station (Figure 2) and Prophet's inability to reproduce the peak 

values. IA measured the prediction accuracy and it shows a good score in all three points and decades. 

But all cases showed comparatively higher skills in the 3rd decade (2006-2015) followed by the 2nd 

(2001-2010) and the lowest skill was found in 1st decade. This may be due to the higher training period 

of Prophet in the latest decades than the former decades that is also evident in case-I(a), where the model 

had the longest training time. It means a higher training period gives a better understanding of the 

Prophet and the results show better performances. Comparing the skills among the cases of the same 

training periods, it is revealed that Prophet with additional regressors are slightly better than the Prophet 

without regressor where case-II is a little ahead of case-III. However, from the skill test results, it seems 

no significant differences among the cases but little differences were observed in the comparison of total 

cumulative rainfall. 

Comparison on total rainfall prediction 

Table 3 presents the comparison of under/overprediction (in percentage) of total rainfall, cumulative 

sum over the different periods. It is observed that the Prophet showed overestimations of total rainfall 

during 1996-2005 and 2001-2010 and underestimation during 2006-2015. However, at the observed 

point, Prophet showed comparatively lower percentages of the under/overestimation compared to 

second and third grid points whilst Prophet with MMEM as additional regressor showed the lowest 

percentage among the cases of same training periods. In terms of time periods, the under/overestimations 

of cumulative rainfall were limited up to 15% in the first 5 years that is comparatively lower than the 

second five years of the predicted periods. All the four skills of Prophet during 2006-2015 for the case-

II were compared with the skills obtained from the aforementioned regression models (not shown). The 

results showed that Prophet performed better in MAE, PCC and total cumulative rainfall (up to 5 years) 

than all three regression models. But ACC scores showed simillar results to all regressions while IA 

score showed MLP is better than Prophet. However, all regression models overestimated the total 

rainfall while Prophet showed better results to catch the dry events. Note that while comparing with the 

regression models, no correction factors are considered for Prophet predicted values. Prophet’s better 

performance in reproducing the dry events seems due to choosing multiplicative seasonality that enabled 

Prophet Model to reproduce wider seasonal variations compared to the regression models (Kourentzes, 



2014). 

Performance to produce total rainfall over different periods would be interesting to catchment managers, 

hydrological modellers, who will be focusing on the future total rainfall and streamflow. However, the 

reason behind predicting for three decades is to investigate how Prophet performs with different training 

periods and revealed that Prophet with higher training periods gives better results. On comparing 

Prophet with and without additional regressor for the same training periods, it is evident that predictions 

with additional regressor are comparatively better than without regressor. This is how this study infers, 

if the GCMs data were available for a longer time, for instance since 1911 as the same time length of 

observed data, then Prophet would be able to show higher prediction skills. The applicability of Prophet 

at different locations with optimised parameter values at one single point are assessed from skills of 

three different aspects, one error metric, and cumulative total rainfall over the different periods. 

Table 3: Total rainfall, cumulative sum over different periods; 3 years (3Y), 5 years (5Y), 8 years 

(8Y), and 10 years (10Y), comparison of different cases at three selected locations. The positive 

and negative indicate over and underestimation (in percentage) respectively.  

Grid 

Points 
 

Cases  
1996-2005  2001-2010  2006-2015 

(Lon/Lat)  3Y 5Y 8Y 10Y  3Y 5Y 8Y 10Y  3Y 5Y 8Y 10Y 

(i)  

153.05 / -

27.50 

(Observed 

Point) 

I-(a) 

 

-5.96 -3.70 6.4 7.7 

 

26.9 20.0 19.0 6.33 

 

13.2 -1.40 -12.3 -10.2 

I-(b) 5.39 8.42 20.2 22.3 13.7 6.3 4.34 -7.3 -7.1 -19.5 -29.5 -28.4 

II 4.58 7.43 18.6 20.3 11.6 4.2 3.97 -8.1 -1.42 -15.6 -26.7 -25.7 

III 5.89 9.17 21.8 23.1 14.8 5.5 1.53 -10.2 3.10 -10.9 -21.1 -19.2 

(ii) 

152.3/-

27.65 

I-(a)  -1.40 6.10 16.7 15.7  34.2 20.2 17.1 10.1  8.6 5.2 -7.4 -2.8 

I-(b)  10.1 19.3 31.8 31.3  47.6 32.5 29.8 22.6  -5.5 -8.7 -20.4 -17.0 

II  11.2 20.8 34.0 33.6  45.1 31.1 30.5 22.6  1.5 -4.2 -17.9 -14.9 

III  10.6 19.5 32.2 32.6  47.8 32.3 27.3 20.3  -2.2 -7.0 -19.4 -16.3 

(iii) 

152.60/-

27.0 

I-(a)  9.1 -4.2 7.6 8.9  32.5 24.1 17.1 3.6  6.95 -6.4 -17.7 -12.4 

I-(b)  25.3 10.6 25.4 27.9  18.6 10.5 3.36 -9.0  4.73 -8.6 -19.7 -14.7 

II  23.5 8.76 22.7 24.9  21.0 12.9 7.2 -5.8  6.98 -8.5 -21.1 -16.8 

III  24.3 10.9 25.2 27.2  22.8 13.7 5.6 -6.7  1.62 -11.3 -22.3 -18.0 

Results show that the combination of both the knowledge and data-driven approach performed better 

than only the data-driven approach especially in terms of total cumulative rainfall. Thus this study 

assumes, for the small catchment like Brisbane where spatial variations of rainfall are not too high, 

Prophet can be applied for all available grid points with the interest of hydrological modelling. In that 

case, the total rainfall over time will be the main concern with a certain percentage of flexibility, which 

may vary up to ±15%. However, this study used only one model and knowledge-driven predicted rainfall 

data (GCMs data) only to predict the rainfall. The GCMs data are used as additional regressor to guide 



the Prophet in terms of prediction accuracy. 

However, rainfall maintains a high relationship with other climatic variables such as temperature, 

atmospheric pressure, humidity (George et al., 2016) and also with different climatic indices (Abbot and 

Marohasy, 2012). Further research is suggested employing these climatic variables or climate indices as 

additional regressor in the Prophet model which might provide better rainfall prediction for the entire 

catchment. As the Prophet was unable to catch the upper and lower extreme values in this study, some 

correction factors were introduced for the months of dry and wet periods. These introduced factors are 

only applicable for the Brisbane River catchment as they were optimized based on a trial and error basis 

at different randomly selected grids. For different places and different datasets, these factors may be 

different. Every individual rainfall time series at a different geographical location is different and that is 

why the results obtained for a particular catchment using the climate data needs to be used with caution 

in order to replicate the results for other areas.  

SUMMARY AND CONCLUSION 

Facebook Prophet is a relatively new time series forecasting library but it has a wide range of modelling 

features developed by Facebook's core data science team. It works well for time series data with strong 

seasonality. Comparing with other stochastic models, Prophet provides intuitive parameters which are 

easy to tune and user friendly to make a meaningful prediction for a variety of problems. Though the  

application of Prophet in time series prediction is not new (Samal et al., 2019; Subashini et al., 2019; 

Toharudin et al., 2020) it is rarely found in the literature for predicting rainfall. As the climatic 

parameters show seasonality over the cycle of a year, this study aimed to predict monthly rainfall for a 

decadal time scale using the combination of both knowledge and data-driven approach through the 

Facebook Prophet Model. In doing so, this study used historically observed monthly rainfall as input 

and GCMs generated monthly rainfall in decadal scale as additional regressor of Prophet. From the 

comparison of skills and the cumulative sum of predicted rainfall over different time spans, it was found 

that the Prophet in the combination of both data and knowledge-driven approach gives better prediction 

than the only data-driven approach. On the predictability of Prophet at different points with the same 

parameter values optimized at the observed point, the results revealed that Prophet showed good skills 



in predicting monthly rainfall at two other grid locations evenly distributed over the catchment. Based 

on the comparison of total rainfall, cumulative sum over different time span, this study infers that the 

Prophet may be applied to predict monthly rainfall at all available grids for up to 5 years within a small 

catchment like Brisbane where the spatial variation of rainfall across the catchment is not high.    
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