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Abstract. The Extreme Gradient Boosting (XGBoost) is defined as an implementation of gradient boosted
decision trees and it has been performing well in several applications and in online competitions. The XGBoost
parameters should be carefully selected when XGBoost is used in applications. This paper proposes a general
framework for selecting machine learning algorithms parameters and deploys it over the XGBoost. The Particle
Swarm Optimization (PSO) algorithm was utilized to select the XGBoost parameters. The proposed method
was deployed over a monthly rainfall prediction task. The method was extensively explored by investigating
the effect of two PSO attributes: number of particles and iterations. The results demonstrated the applicability
of PSO in finding the best solutions in the available search space in parameters selection tasks. The results
have also shown that the XGBoost with PSO can be utilized as an efficient forecasting algorithm.
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Introduction

Machine learning algorithms have been widely used in several domains such as finance, health, engineering, etc [1–6].
They have been investigated in almost every domain where sufficient amount of data can be obtained. Based on
available data, various algorithms are usually examined.
Several machine learning algorithms have been widely used and investigated in weather related applications
[7–9]. This includes the Support Vector Machine (SVM) [10], Multi-Layer Perceptron (MLP) [11], Convolutional
Neural Networks (CNN) [12], etc. In addition, ensemble methods have been proposed to forecast rainfall and other
attributes [13, 14]. The ensemble requires more time and computational infrastructure to be implemented.
Each machine learning algorithm has a set of parameters that effect its performance. Tuning those parameters
could be time consuming and may not lead to the best performance with random search approach, where parameters
are randomly selected and deployed to train the machine learning algorithm.
Another approach to select the parameters is grid search, where all the possible combinations of parameters are
examined and the best model is selected. This method is widely used in building machine learning algorithms. It
guarantees the best solution being obtained, but it is time consuming and computationally intensive. The type of
the machine-learning algorithm also affects the time required to build it.
The extreme gradient boosting decision trees is an ensemble, where the weak learners are decision trees. The
XGBoost is an implementation of gradient boosting decision trees and it was presented in [15]. Boosting is an
ensemble mechanism, where multiple weak learners are combined to generate a strong model. With boosting, the
trees of the ensemble are developed sequentially where a new tree models the errors from previously trained decision
trees. The XGBoost facilitates designing the boosted decision trees. Several parameters are usually investigated
to build the XGBoost: maximum depth of the child, number of estimators, learning rate, objective, etc. These
parameters affect the training process, therefore the overall model performance.
Reasonable performance was recorded when using this tool in different domains [16–18]. Zhang et al. proposed
a method for detecting faults in wind turbines by using the random forest ensemble and the XGBoost [19]. The
random forest was applied first to select significant features for fault detection. The XGBoost was then trained
with the best performing features. The models were then used to detect 10 types of faults. The authors compared
their outputs to random forest and support vector machines, where better accuracy was obtained. Abbasi et al.
utilized the XGBoost to forecast electricity load [16].The records were gathered from the Australian Energy Market
Operator (AEMO), where 75% were selected for training and the rest for testing. Mean Absolute Percentage Error
(MAPE) and Mean Absolute Error (MAE) were calculated to assess the performance of the model. The authors
reported that the XGBoost did not perform well with high electricity loads. The results were presented without
being compared to alternative approaches. Chang et al. proposed an XGBoost based model for credit card risk
assessment [17]. The XGBoost parameters were statically assigned to build the binary classification model. The
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authors compared their model to other machine learning algorithms, where higher performance was observed with
the XGBoost.
The efficiency of the XGBoost is clearly demonstrated in various applications. Most of the work reported in
literature selects the XGBoost parameters through random or grid search. With various applications (especially
in the industry), the tasks are assigned within a small time frame. Grid search becomes expensive in this type of
situations. In other applications, infrastructure support could be low. For this reason, running the grid search could
reveal certain memory exceptions.
Several types of algorithms have been utilized to design machine learning algorithms. The main purpose of using
such algorithms was to find the best solution based on available data and algorithm parameters. This included
swarm algorithms such as the particle swarm optimization and evolutionary algorithms such as the genetic algorithm
[20–23]. Various characteristics of the machine learning models were optimized. This included parameters, input
features, and weights [24–27]. Furthermore, these algorithms were utilized to select the optimal combination of
algorithms, so that when combined the best ensemble is generated [14].
This study proposes and evaluates a new approach for selecting the XGBoost parameters. In addition, the
applicability of the XGBoost in predicting monthly rainfall compared to other machine learning algorithms is
analysed. The main contributions of this paper are as follows;
1.
2.
3.
4.

Investigate a swarm based method for selecting the XGBoost parameters
Provide a comprehensive investigation of the proposed approach
Detail the efficiency of the XGBoost in building weather prediction models
Analyse the performance of the model against alternative techniques

This paper is organized as follows. Section 2 illustrates the proposed approach. Section 3 describes the dataset,
presents experimental results and comparative analysis. Section 4 derives concluding remarks.

2

Proposed Approach

Fig. 1. Building machine learning algorithms overview.

2.1

Parameters Selection

Data represents a crucial part for building models. In addition, the selection of the parameters heavily affects the
model performance. For any machine learning algorithm, various number of parameters should be assigned before
the training process. As shown in Fig 1, the target is to find the model ϑ, which will lead to the best performance.
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Let H be the set representing
all the possible parameters of the machine learning model ϑ. H is partitioned into

multiple subsets H = H 1 , H 2 , . . . , H n , where n is the number of parameters required to train the model. For
each H i , where 1 ≤ i ≤ n, various possibilities belonging to same parameter type are available for selection. One
element is usually
selected from each subset and assigned to ϑ. ϑ is then trained and accuracy is measured.

Let h = h1a1 , h2a2 , . . . , hnan , hiai ∈ H i , where (1, 1, . . . , 1) ≤ (a1 , a2 , . . . , an ) ≤ (t1 , t2 , . . . , tn ) , ti is the total
number of elements in each subset H i , 1 ≤ i ≤ n. The target is to find the indices (a1 , a2 , . . . , an ), so that when h
is assigned to ϑ for training, the best possible performance is obtained.
The total number of parameters combinations can be represented as a search space. Each value in the search
space designates a possible combination of parameters for training the machine-learning model. Each parameter
represents a dimension in the search space and the size of the dimension is represented as the number of possibilities
that can be selected for this parameter.
Qn The number of the combinations in ithe search space is the product of the
number of elements
in
each
group
i=1 ti , where ti is the size of a subset H .

To find h = h1a1 , h2a2 , . . . , hnan , a swarm based approach is proposed and followed when building the machine
learning model.
2.2

Swarm based Approach

Fig. 2. Selecting XGBoost Parameters using Particle Swarm Optimization (PSO).

We propose selecting the machine learning algorithm parameters by incorporating the PSO algorithm as shown
in Fig 2. The PSO is a swarm based algorithm that imitates natural movements. The PSO doesn’t require details
about the problem under consideration. It was considered in this approach to find the best set of parameters (h).
The machine learning algorithm ϑ maps the multi-dimensional space Rn to a one-dimensional space R (Rn → R).
Rn is the total number of combinations of the machine learning algorithm possible parameters, n is the number
of dimensions in the search space (number of parameters to be selected). R represents the results space for the
combinations based on an evaluation metric. The PSO selects the best coordinates in the Rn dimensional space, so
that when the mapping function ϑ is applied, the optimal value in the R dimension space is obtained.
The swarm elements are called ‘particles’ and represent possible solutions in the search space. The PSO is
applied for a specified number of iterations and stops based on several criteria. These criteria are determined as the
best solution being found, number of iterations passed a certain value,etc.
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Each particle i in the swarm S has two characteristics: position (Pi ) and velocity(Vi ). The position represents
a set of the machine-learning algorithm parameters, and the velocity determines the way the particle traverse the
search space over each dimension (parameter). The position vector Pi is represented as Pi = {Pi1 , Pi2 , . . . , Pin },
where Pid represents the particle position in the dimension d, 1 ≤ d ≤ n, n is the number of dimensions. The velocity
vector Vi is represented as Vi = {Vi1 , Vi2 , . . . , Vin }, where Vid designates the particle velocity in the dimension d,
1 ≤ d ≤ n, n is the number of dimensions.
Each particle holds details about two key attributes: its local best position (Pb ) in the search space and the best
global performing particle in the search space (Pg ). Each particle is compared to its local best and to the global
best in each iteration. If better solution is obtained, the local best and/or global best are updated. This process
continues until reaching a stopping criterion. The particle position and velocity for each dimension d, 1 ≤ d ≤ n,
are updated as follows;


t
t
Vidt+1 = wVidt + c1 r1 Pbtid − Pid
+ c2 r2 Pgtid − Pid
t+1
t
Pid
= Pid
+ Vidt+1
t
Where Vidt is the velocity of the ith particle in dimension d in iteration t, Pid
is the position of the ith particle in
t
dimension d in iteration t, Pbid is the best position achieved by the particle up to iteration t in dimension d, Pgtid is the
best solution the particles in the swarm has achieved up to iteration t in the dimension d, r1 and r2 are two random
numbers, w is the inertia weight, c1 and c2 are the cognitive and social parameters. The particles
traverse the search

space until achieving the stopping criteria. The elements in the global best Pg , where Pg = Pg1 , Pg1 , . . . , Pgn , Pgi
is the global best position in dimension d, will be assumed as the indices (a1 , a2 , . . . , an ) of the vector h .

3
3.1

Experiments and Results
Data

The proposed approach was deployed over a monthly rainfall prediction task. Innisfail, an Australian suburb, was
selected to perform the prediction task. The Bureau of Meteorology (BOM) saves precipitation historical values.
These records were collected as monthly values from a selected weather station.
Rain is an effect of fluctuations of several local and global climatic weather conditions. Rain alterations occur
due to these fluctuations. Hence, several local and global numerical representations of weather conditions were
gathered and included as input features. With this process, it was assumed that the machine learning algorithm
will learn to estimate the actual amount of rainfall based on patterns in the input features. These features were
mean maximum temperature, mean minimum temperature, Southern Oscillation Index (SOI), Nino 1.2, Nino 3.0,
Nino 3.4, Nino 4.0, Dipole Mode Index (DMI), Inter-decadal Pacific Oscillation (IPO), Tripole Mode Index (TPI),
North Pacific Oscillation (NPO). In addition, a solar attribute (sunspots) was gathered and collected. These features
were collected from multiple online resources: BOM, Solar Influences Data Analysis Center (SIDC), Earth System
Research Laboratory (ESRL), Climate of the 20th century (C20C), and Royal Netherlands Meteorological Institute
Climate (KNMI).
3.2

Data Pre-processing

Records with missing values were observed in the collected data. These values were replaced by records collected
from nearby locations or by the average value. The records were modified to have the same start and finish time.
The rainfall prediction model was designed to release a predicted rainfall amount to be encountered over a specific
location in the next month. Data were shifted so that lagged values of rainfall conditions and other predictors were
used to estimate the monthly values. The lagged rainfall values up to one year were used to as input features (t − 1,
t − 2, t − 3, . . . , t − 12). Lagged features at time t − 1 and t − 12 for other input features were created. In addition,
we proposed two binary features to represent peak values of rainfall at time t − 1 and t − 12.
The sample consisted of 1248 observations between January 1909 and December 2012. The first 1104 records
were used to build forecasting model, while the remaining 144 were used for testing (latest 12 years).
3.3

Evaluation Metrics

The actual amount of rain was targeted in this study. Three statistical measurements were calculated to assess
the performance of the models: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and Pearson
correlation (r).
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Grid Search

The grid search approach was applied first, where all the possible combinations were examined. Four parameters
were tuned: objective, learning rate, maximum depth, and number of estimators. Two attributes were used with the
objective parameter: ‘linear’, ‘tweedie’ (usually used in regression applications). The learning rate varied between
0.01 and 0.2 (20 possibilities 0.01,0.02, 0.03,..., 0.2). The maximum depth varied between 1 and 10, while the number
of estimators varied between 20 and 70 representing 51 possibilities. The other parameters such as gamma were
assigned to default values. The total number of combinations was 20,400 possibilities. Due to the nature of the
problem, the search space was rounded to integers (small differences doesn’t affect quality of the model).
When building a machine learning model, the data is trained, validated and tested. The model is typically
selected based on the performance over training/validation portion. The model is finally examined over the holdout sample. To maintain the same criterion, the grid search method targeting allocating the models with the lowest
RMSE over the validation dataset.
The search spaces contained 11 solutions with same minimum RMSE and are shown in Table 1. This represented
0.0539% of the search space. All the models with a RMSE of 171 over the validation dataset were from the last
25% of the examined models. The time taken to deploy the grid search method was 7991.511 sec. The average time
consumed to train each model was 0.391 sec. The XGBoost model is known as one of the fastest models in the
machine learning area. Taking into consideration the selection of an alternative model (CNN, MLP), this approach
could have taken weeks to be deployed.
Table 1. Parameters of the best solutions in the search space.
Objective Learning Depth Estimators
tweedie
0.11
2
55
tweedie
0.11
2
56
tweedie
0.11
2
57
tweedie
0.15
2
38
tweedie
0.15
2
39
tweedie
0.16
2
36
tweedie
0.16
2
37
tweedie
0.16
2
38
tweedie
0.16
2
40
tweedie
0.17
2
36
tweedie
0.17
2
37

As shown in Table 1, the same objective function was selected with all the optimal models. In addition, the
same depth was obtained with all the models. It was also noticed that the number of estimators is always greater
than 35. Furthermore, increasing the learning rate should be applied while decreasing the number of estimators of
the XGBoost algorithm. These recommendations can be utilized while building models in future work.
3.5

Selecting the XGBoost Parameters using PSO

The PSO algorithm was selected to conduct the experiments. PSO parameters c1, c2, and w were selected as 0.5, 0.3,
and 0.4 respectively.The fitness function measured the RMSE for each particle in each iteration over the validation
dataset.
Four XGBoost parameters were examined as a part of this study: objective, learning rate, max-depth, and number
of estimators (same as grid search). Hence, the search space consisted of 4 dimensions. Numerical representations
were mapped to parameters. The objective parameter varied between 0 and 1 only representing ‘linear’ or ‘tweedie’.
The learning rate varied between 0.01 and 0.2. The max depth varied between 1 and 10, while the number of
estimators varied between 20 and 70 representing 51 possibilities. Table 2 summarizes the parameters ranges.
The proposed approach was applied by varying the number of particles (5, 10, 20, 40) and number of iterations
(20, 50):
–
–
–
–

Case
Case
Case
Case

1:
2:
3:
4:

5 particles, 20 iterations
5 particles, 50 iterations
10 particles, 20 iterations
10 particles, 50 iterations
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–
–
–
–

Case
Case
Case
Case

5:
6:
7:
8:

20
20
40
40

particles,
particles,
particles,
particles,

20
50
50
50

iterations
iterations
iterations
iterations
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Table 2. The lower and upper bound of each dimension for each particle.
Parameter Lowest bound Upper bound Number of possible variations
Objective
0
1
2
Learning
0.01
0.2
20
Depth
1
10
10
Estimator
20
70
51
Total
20400

This has resulted 8 case studies. For each case study, the PSO algorithm was applied 10 times . The number
of times a best solution is found for each case study (out of 10 optimizations) is shown in Fig 3. A global best
solution was found in 7 out of the 10 times having 20 or 40 particles in the swarm when applying 50 iterations. The
average time consumed in each optimization based on each combination is shown in Fig 4. The higher the number
of particles and number of iterations, the more the models to be examined in each optimization.

Fig. 3. Number of times the global best is found for each combination of particles and iterations (out of 10 runs).

Fig. 4. Average duration (sec) taken to select the XGBoost parameters for each combination of particles and iterations.

3.6

Comparative Analysis

An XGBoost model that was selected as the global optimum through the proposed approach (171 RMSE over the
validation dataset) was tested and evaluated over the hold-out sample. The proposed approach was compared to
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climatology, MLP, and a One-Dimensional Convolutional Neural Network (1D-CNN) presented in [12]. Climatology
is a reference model, which is based on average. The monthly average is calculated for each month over the training/validation portion, and then new estimations over the hold-out sample are assumed to be the same monthly
average each year.
The MAE, RMSE, and r values of each model are shown in Table 3. The lower the MAE and RMSE, the better
the forecasts. The XGBoost model performed well better than climatology. Higher accuracy was obtained compared
to the MLP. Slightly better accuracy was shown compared to the 1D-CNN. The results show that the XGBoost
can reveal comparable accuracy compared to other machine learning algorithms within a shorter duration.
To investigate further, we tried to build the XGBoost model through random search. With random search,
the four parameters were randomly selected. The maximum number of attempts was selected to 1000 (so that the
maximum number of models will be similar to the 6th case study, which reported the best performance in terms of
duration). A random search approach was deployed 10 times for selecting the best solution randomly up to 1000
attempts. A global solution (minimum value over the validation sample) was found in 3 out of 10 optimization’s,
while in PSO it was found in 7 out of the 10. Similar duration was taken to perform the optimization task as in
PSO based method.
The grid search approach has shown that the XGBoost is effective with this type of applications. Various
combinations of attributes revealed reasonable performance. This enriched the search space in both random search
and PSO based search. The accuracies were not significantly different. The purpose of this study was to show the
efficiency of XGBoost in estimating monthly rainfall and the efficiency of PSO in selecting the parameters of the
XGBoost.
Table 3. MAE, RMSE, and r for each model.
Model
Climatology
MLP
1D-CNN [12]
XGBoost

4

MAE
146.326
120.674
114.654
110.73

RMSE
200.474
158.074
142.133
141.505

r
0.688
0.843
0.868
0.858

Conclusion

This paper proposed and evaluated a new approach for selecting the parameters of the XGBoost. The particle
swarm optimization algorithm was utilized to search for the optimal parameters that will reveal the best prediction
accuracy. The swarm algorithm attributes were explored and analysed. It was noticed that the number of iterations
affect the performance of the model more than the number of particles. We showed that the swarm based selection is
useful for selecting machine learning algorithms parameters, specially since it is treated as a black box problem. This
approach is applicable in several cases where time and infrastructure represents a dilemma. In future research, the
effect of PSO attributes such as the inertia weights, cognitive and social parameters will be analyzed. Furthermore,
new optimization algorithms will be investigated.Finally, other parameters will be included in the selection process.
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