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Abstract: This research seeks for predicting electricity consumption in Baghdad Governorate using the Facebook 

Prophet Model, which was Proposed by Taylor and Latham in 2017 as a modern generalized additive Model 

specialized in tuning and forecasting time series data. This model includes non-linear functions that are 

combined into one model. The most important feature of this model is that it supports the presence of change 

points in the general trend, and uses the Fourier series to model seasonality, In addition, the model contains a 

function to represent the effect of special events (Holidays) in the time series. The electricity consumption 

data were analyzed and their estimated values were extracted according to the Facebook Prophet model using 

the Limited Memory Broyden, Fletcher, Goldfarb, and Shanno (L-BFGS) algorithm. After that, the estimated 

values were compared with the original values to measure the accuracy of the model`s performance. The 

results showed that the model provided relatively accurate prediction performance, which reflects the model`s 

ability to predict electricity consumption, and the possibility of using it as a tool to support energy demand 

management. 

1 INTRODUCTION 

Electricity is one of the essential elements for society 

development and the backbone of the economy and 

infrastructure, as it is relied upon in various industrial, 

service, domestic, and commercial activities. 

Demand for electric power increases significantly 

with population growth, growing economic activities, 

and climate change, which directly affects electricity 

consumption Patterns. As so, this requires the 

provision of highly accurate tools to predict this 

demand. 

Forecasting electric power consumption is also an 

essential step in the strategic planning of energy 

production and distribution companies, as it 

contributes to ensuring the stability of the electricity 

grid and reducing resource waste. This issue is 

becoming increasingly important in Iraq, especially in 

Baghdad Governorate, as it is the largest urban and 

energy - consuming center in the country. 

In this context, the Facebook Prophet model, 

discovered by Meta, emerges as a modern and 

effective generalized model for time series analysis 

and forecasting, as it has the ability to handle multi-

seasonality, long-term trends, and missing and 

extreme values. There are many recent studies that 

have addressed the Facebook Prophet model in 

predicting time series data. The researchers Taylor 

and Latham were the first to discover this model in 

2017 [1]. In 2021, the researcher Francesco Lomio 

used the Facebook Prophet model in his thesis to 

predict the number of arrivals the next day to the 

emergency department at the university of Tampere 

and the results showed that Facebook Prophet 

provided high prediction accuracy [2]. In 2023, the 

(Hasnain & et all) used Facebook Prophet to predict 

the ambient PM 2.5 concentration in China and the 

results indicated that there was a high match between 

the actual values and the estimated values [3]. 

This research aims to employ Facebook Prophet 

in analyzing electricity consumption data in Baghdad 

Governorate and predicting its future values.  

2 FACEBOOK PROPHET MODEL 

The Facebook Prophet model is considered one of the 

modern statistical tools for predicting time series. It 

was discovered by Taylor and Latham in 2017. It is 

considered a generalized additive model specialized 

in fitting time series data. It is characterized by its 

ability to deal with extreme values, and it can also 

deal well with missing values [4]. 
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The work of the Facebook Prophet is based on the 

assumption that the time series can be described as a 

combination of several properties, such as trend, 

seasonality, in addition to special events 

(holidays) [5]. 

2.1 Model Structure and Components 

The mathematical formula for the Facebook Prophet 
is written as follows: 

𝑌(𝑡) =  𝑔(𝑡) + 𝐹(𝑡) + ℎ(𝑡) + 𝜀𝑡 .  (1) 

Where: 
▪ 𝑌(𝑡): the time series to be predicted;

▪ 𝑔(𝑡): a function that measures the nature of
trends (linear or non-linear) and (non-periodic)
in the data, and represents the growth function;

▪ 𝐹(𝑡): a function that measures seasonal trends
and seasonal periodic changes;

▪ ℎ(𝑡): a function that indicates any unusual
changes over time (holiday seasons, national
occasions, etc);

▪ 𝜀𝑡: the random error term, which contains any
pattern that the model does not recognize, and
is assumed to be normally distributed

𝜀𝑡 ~ 𝑁(0, 𝜎2) [1].

The growth function  𝑔(𝑡) in the Facebook 
Prophet model is of two types: the first is when the 
growth is non-linear, and the second is when the 
growth is linear. 

The non-linear growth function is used when there 
is an upper limit to the time series that cannot be 
exceeded, and it is represented by the logistic growth 
function, and it can be formulated according to the 
following equation: 

𝑔(𝑡) =  
𝑐

1 + 𝑒(−𝑘(𝑡−𝑚))
.  (2) 

Where 𝑐:  the maximum limit of the time series, 𝑘 the 

growth rate (logistic), 𝑡 a continuous variable, and 
here represents time (days, years, ete), 𝑚 offset 
Parameter. 

The growth function has two assumptions, the 
first is that the maximum limit is not constant, as the 
larger the values of the observations of the time 
series, the maximum limit of the growth increases, 
and thus (𝑐) is replaced with a time -varying capacity 

𝑐(𝑡), i.e. it has a set of important parameters, and the 

second assumption is that the growth parameter (𝑘) is 
also not constant, as the (change points), which are 
defined as moments in time at which the trend is 
allowed to change suddenly, either by an increase or 
decrease in the growth rate, can change the growth 
rate significantly. Therefore, the g(t) function must be 
able to incorporate a varying growth rate to fit the 

previously recorded data. (2) under the above two 
assumptions becomes as follows:  

𝑔(𝑡) =
𝑐(𝑡)

1 + 𝑒𝑥𝑝 (−(𝑘 + 𝑎(𝑡)𝑇𝛿)(𝑡 − (𝑚 + 𝑎(𝑡)𝑇𝛾)))
.  (3) 

Where: 
▪ 𝛿 a vector representing the amount of increase

or decrease in the growth rate at each change
point;

▪ 𝛿𝑗 the amount of change in the growth rate that

occurs at the change point 𝐴𝑗;

▪ 𝛾 a vector for corrections to the offset
parameter;

▪ 𝛾𝑗 the amount of change in the offset parameter

at the change point  𝐴𝑗;

▪ 𝑎(𝑡) a vector to determine whether time (t) falls
before or after any specific change point and is
calculated according to the following:

𝑎(𝑡) = {
1, 𝑖𝑓 𝑡 ≥  𝐴𝑗  

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
.   (4) 

Where: 𝐴𝑗 the time in which the growth rate changes.

As for 𝛾, it can be calculated as follows [6]   , [1]: 

𝛾𝑗 = (𝐴𝑗 − 𝑚 − ∑𝛾𝑙

𝑙<𝑗

)(1 −
𝑘 + ∑ 𝛿𝑙𝑙<𝑗

𝑘 + ∑ 𝛿𝑙𝑙≤𝑗
) .   (5) 

Where: 𝛾1 = 0.
The linear growth function is used in the case of 

there being no maximum limit for the time series, and 
it is calculated according to the following (6): 

𝑔(𝑡) = (𝑘 + 𝑎(𝑡)𝑇𝛿)𝑡 + (𝑚 + 𝑎(𝑡)𝑇𝛾).     (6) 

The seasonal function 𝐹(𝑡) is calculated according to 
the Fourier series, and its mathematical formula is as 
follows: 

𝐹(𝑡) =  ∑ [𝛼𝑛  cos (
2𝜋𝑛𝑡

𝑠
) + 𝑏𝑛  sin (

2𝜋𝑛𝑡

𝑠
)] .   (7)

𝑁

𝑛=1

 

Where: 
▪ 𝑠, the seasonal period of the data,

▪ 𝑁 the number of terms in the Fourier series,

▪ 𝑡 the time Period, 𝑡 = 1,2, … , 𝑇, 𝑏𝑛, 𝛼𝑛 Fourier
parameters [1] .

The special events function ℎ(𝑡) represents the events 
that affect the time series, and its mathematical 
formula is: 

ℎ(𝑡) =  𝑍(𝑡) 𝛴.  (8) 

Where: 
▪ 𝛴𝑖 a parameter given to each holiday,
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(15) 

(11) 

▪ 𝑍(𝑡) an indicator denoting whether the time (𝑡)
falls within the event period (holiday) and
calculates as follows [2]:  

𝑍(𝑡) =  [1 (𝑡 ∈  𝐷𝑎𝑦1 ), … , 1 (𝑡 ∈  𝐷𝑎𝑦𝑙)].  (9)

2.2 Estimating the Model Parameters 

The Facebook Prophet model is one of the models 
that deal with smoothing functions, as it includes 
several smoothing functions namely: trend smoothing 
functions, seasonal smoothing functions, and holiday 
smoothing functions. Estimating the model 
parameters is represented by achieving the Following 
loss function [3]:  

𝐿𝑜𝑠𝑠 (𝜗) = ∑(𝑌𝑡 − 𝑌̂𝑡)
2

𝑇

𝑡=1

+ 𝜆 ∑|𝜗𝑇|.     (10)

𝑇

𝑡=1

Where: 
▪ 𝜆 the amount of penalty imposed on the

parameter to avoid overfitting,
▪ 𝜗 the vector of parameters for each of the

smoothing functions 𝑔(𝑡),  𝐹(𝑡) ,  ℎ(𝑡), in

addition to the variance parameter 𝜎2
𝜖, where:

𝜗 = ( 𝑘,𝑚, 𝛿, 𝛾, 𝛽, 𝛴, 𝜎2 ). 

The loss function in (10) can be rewritten as 
follows: 

𝐿𝑜𝑠𝑠 (𝜗) = 𝑎𝑟𝑔𝑚𝑖𝑛 {∑(𝑌𝑡 − 𝑔̂(𝑡) + 𝐹̂(𝑡) + ℎ̂(𝑡))2

+ 𝜆1‖ 𝛿‖2 + 𝜆2‖ 𝛾‖2

+ 𝜆3 ∑‖𝛼𝑛 + 𝑏𝑛‖2 + 𝜆4‖𝛴‖2},

and in order to achieve the loss function in (11) we 
use the Limited Memory Broyden, Fletcher, 
Goldfarb, and Shanno (L-BFGS) algorithm, which 
gives us the optimal values for the model parameters. 

The L-BFGS algorithm is known as one of the 
memory - constrained Quasi – Newton approximation 
algorithms, and it has gained wide importance in 
optimizing objective functions due to its ability to 
deal with the complexities of nonlinear functions and 
deal with memory constraints. The basic idea of (L-
BFGS) is to use the (curvature Information), which 
represents the second derivative (Second Derivative 
Information) of the most recent iterations only, to 
create a Hessian matrix approximation, as the 
curvature information from the previous iterations is 
ignored in order to save good storage space [7]. 

The Hessian matrix describes the curvatures of 
nonlinear functions, for numerical optimization, and 
the Hessian matrix is also called the information 
matrix of the observations, and the inverse of the 
Hessian matrix represents the variance-covariance of 

the estimators of the studied function, and is written 
in short as (H), and can be represented according to 
the following [8]: 

𝐻 =

[

𝜕2𝑓

𝜕𝑥1
2

𝜕2𝑓

𝜕𝑥1𝜕𝑥2
…

𝜕2𝑓

𝜕𝑥1𝜕𝑥𝑛

𝜕2𝑓

𝜕𝑥2𝜕𝑥1

⋮
𝜕2𝑓

𝜕𝑥𝑛𝜕𝑥1

𝜕2𝑓

𝜕𝑥2
2

⋮
𝜕2𝑓

𝜕𝑥𝑛𝜕𝑥2

…
…
…

𝜕2𝑓

𝜕𝑥2𝜕𝑥𝑛

⋮
𝜕2𝑓

𝜕𝑥𝑛
2 ]

𝑛 × 𝑛

. (12) 

It can also be written at time r as follows [7]: 

𝐻𝑟 = 𝛻2𝑙(𝜗).  (13) 

The estimation steps according to the L-BFGS 
algorithm are represented in the following form: 

1) Gradient Computation, 𝑙(𝜗). It is a multi-
parameter function, which is the vector of partial
derivatives of the function at time point 𝑟 that is

to be minimized, since 𝑖 = 1,2, … , 𝑟, where:

𝛻𝑙(𝜗) = 𝐺(𝑟).  (14) 

2) Calculating the update of the approximate
(Hessian) Matrix.

The Hessian matrix is updated according to 
the following relationship: 

𝐻𝑟+1 = (𝐼 − 𝒫𝑟𝑆𝑟𝑅𝑟
𝑇) 𝐻𝑟  (𝐼

− 𝒫𝑟𝑅𝑟𝑂𝑟
𝑇).+ 𝒫𝑟𝑆𝑟𝑆𝑟

𝑇

Where: 
▪ 𝑅𝑟 the change in the gradient that calculated

according to the following:

𝑅𝑟 = 𝐺𝑟+1 − 𝐺𝑟 .  (16) 

▪ 𝑂𝑟: the change in the parameters that
represented according to the following:

𝑂𝑟 = 𝜗𝑟+1 − 𝜗𝑟 .  (17) 

▪ 𝒫𝑟: the inverse of the product of the change in
the parameters and the change in the gradient is
calculated according to the following:

𝒫𝑟 =
1

𝑅𝑟
𝑇𝑂𝑟

.  (18) 

The inverse of the approximation of the (Hessian) 
matrix is calculated through the following: 

𝐻𝑟 = ℬ𝑟
−1.  (19) 

▪ ℬ𝑟
−1 represents the variance-covariance

matrix of the parameter estimates at the point 
(time 𝑟). 

3) Calculating (search Direction).
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Figure 1: The flow chart of L-BFGS method. 

It is a vector that determines the optimal direction 

for updating the parameters in the optimization 

process and is calculated using the inverse 

approximation of the (Hessian) matrix based on the 

concept of (Limited Memory) and is calculated 

according to the following formula: 

Ƥ𝑟 = −ℬ𝑟  ∇ 𝑙(𝜗𝑟).  (20) 

▪ Ƥr: provides us with information about any

parameter that needs to be modified, and it is

calculated without the need to store the

matrix Hr completely.

4) Updating Parameter 𝜗.

The last step is to update the vector of parameters 

(𝜗) through the following formula: 

𝜗𝑟+1 = 𝜗𝑟 + 𝜛𝑟Ƥ𝑟 .  (21) 

Where: 𝜛𝑟 the value of the (Line Search) and is used

to determine the optimal step size (step Size) when 

updating the parameters in the gradient calculation 

𝐿(ϑ)). 

The appropriate 𝜆 value of (regulatory limits) is 

chosen through the cross- validation (C.V) in a way 

that achieves the restrictions imposed on each 

function of the Facebook Prophet model, and these 

steps continue until the loss function in (10) is 

achieved [7]   , [9]  , [10] . 

The Flow Chart of the (L-BFGS) method is shown 

in Figure 1 as follows [10]: 

3 THE PRACTICAL 

APPLICATION 

The Prophet model was used in the practical 

application of the data of the studied phenomenon 

according to a program written in the R language, the 

study data represents the consumed quantities of 

electrical energy in Baghdad Governorate measured 

in (Kw/h) taken on a daily basis for the period from 

1/1/2024 to 12/31/2024. This data was obtained from 

the Ministry of Electricity/Operation and Control 

Department, and through the following Figure 2 we 

show the plot of the study data. 

When analyzing the time series according to the 

studied model, its components become clear to us, 

such as trend, seasonality, and special events. The 

following Figure 3 shows this. 

Figure 3 shows the presence of a general trend that 

changes with time, in addition to the clarity of the 

effect of holidays on the time series data, as we notice 

the presence of sharp peaks and valleys, and it is also 

clear to us the presence of the weekly seasonal 

component, as it appears that there is a pattern that 

changes with the change of days of the week, and the 

presence of the annual component in the data is also 

clear, as we notice the repetition of the pattern during 

the months of the year, with a sharp rise in the 

summer months and a sharp decline in the winter 

months. 

When applying the L-BFGS algorithm, we 

obtained the parameter values shown in Table 1: 

Table 1: The estimation of the parameters of the Facebook 

Prophet.  

Coefficient Parameter 

0.2411 Growth rate 𝑘 

1.0271 offset parameter 𝑚 

[1,1:30] -8.001, 0.6781, -

0.2427, … 

𝛿   represents the amount 

of increase or decrease in 

the growth rate 

[1,1:74] -0.5451, -0.1083, 

0.0047, … 

𝛽  represents the vector of 

parameters of the Fourier 

Series  

The residuals of the time Series are shown in 

Figure 4. 

The predicted values are Presented in Table 2. 
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Figure 2: Represents the time series graphically. 

Figure 3: The components of time. 

Figure 4: Represents the residuals of the time series, its autocorrelation function, and the shape of its distribution. 
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Table 2: represents the predictive values according to the 

FB Prophet model. 

Date Forecast Date Forecast 

1/1/2025 5285 2/15/2025 11320 

1/2/2025 5266 2/16/2025 11476 

1/3/2025 5275 2/17/2025 11796 

1/4/2025 5337 2/18/2025 11959 

1/5/2025 5371 2/19/2025 12166 

1/6/2025 5493 2/20/2025 12279 

1/7/2025 5553 2/21/2025 12425 

1/8/2025 5646 2/22/2025 12662 

1/9/2025 5709 2/23/2025 12794 

1/10/2025 5801 2/24/2025 13096 

1/11/2025 5950 2/25/2025 13209 

1/12/2025 6064 2/26/2025 13358 

1/13/2025 6273 2/27/2025 13393 

1/14/2025 6408 2/28/2025 13454 

1/15/2025 6573 3/1/2025 13605 

1/16/2025 6695 3/2/2025 13639 

1/17/2025 6842 3/3/2025 13850 

1/18/2025 7046 3/4/2025 13860 

1/19/2025 7198 3/5/2025 13911 

1/20/2025 7453 3/6/2025 13851 

1/21/2025 7607 3/7/2025 13828 

1/22/2025 7787 3/8/2025 13909 

1/23/2025 7906 3/9/2025 13885 

1/24/2025 8044 3/10/2025 14057 

1/25/2025 8239 3/11/2025 14044 

1/26/2025 8368 3/12/2025 14092 

1/27/2025 8608 3/13/2025 14047 

1/28/2025 8728 3/14/2025 14061 

1/29/2025 8875 3/15/2025 14202 

1/30/2025 8952 3/16/2025 14255 

1/31/2025 9052 3/17/2025 14530 

2/1/2025 9219 3/18/2025 14633 

2/2/2025 9316 3/19/2025 14816 

2/3/2025 9544 3/20/2025 14917 

2/4/2025 9644 3/21/2025 15092 

2/5/2025 9782 3/22/2025 15414 

2/6/2025 9850 3/23/2025 15651 

2/7/2025 9953 3/24/2025 16139 

2/8/2025 10139 3/25/2025 16443 

2/9/2025 10255 3/26/2025 16838 

2/10/2025 10522 3/27/2025 17137 

2/11/2025 10655 3/28/2025 17516 

2/12/2025 10834 3/29/2025 18061 

2/13/2025 10939 3/30/2025 18497 

2/14/2025 11084 3/31/2025 19222 

Figure 5 shows the predictions that were reached 

through the model with the confidence intervals. 

Figure 5: Represents the predictive values of the Facebook 

Prophet model. 

4 CONCLUSIONS 

The results confirm that the Facebook Prophet model 

provides a reliable and effective framework for 

forecasting electricity consumption in Baghdad 

Governorate. The model successfully captured the 

long-term trend, seasonal variations, and the 

influence of special events, demonstrating its 

flexibility in handling complex time series data. The 

close agreement between the predicted and actual 

values reflects the robustness of the model and its 

ability to generate accurate forecasts. These findings 

highlight the potential of Prophet as a valuable 

analytical tool for supporting electricity demand 

management and planning. Its structure, which 

accommodates change points and multiple seasonal 

patterns, enhances both interpretability and predictive 

accuracy. Future work may focus on improving the 

model’s performance by integrating Prophet with 

other statistical or machine learning techniques and 

incorporating additional explanatory factors to 

further refine forecasting precision and applicability 

in real-world energy analysis. 
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