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Abstract. With the growing popularity of water sports, the consumer market for sailing and surfing, 
a core sport in water sports, has attracted attention in recent years. In this study, the relationship 
between the conventional factors affecting the price of used sailing boats and the market price of 
used sailing boats is mathematically modeled and predicted. After outlier and missing value 
processing and visualization analysis of the collected and retrieved data, nine core indicators 
including sailboat performance, age of sailboat use, and the level of comprehensive regional 
development were selected to have a critical impact on the prices of both monohull and catamaran 
used sailboats. Using a series of algorithms such as LightGBM, PSO, and Catboost, a unique PSO-
LightGBM-Catboost weighted fusion model was established to explore the role and influence of each 
factor on the prices of the two used sailboats. With this weighted fusion model, the R2 values of the 
multi-factor fit were as high as expected, and the R2 values of the predicted results were also at the 
expected level. Finally, it was found that the price of used sailboats is more significantly influenced 
by factors related to the age of the sailboat, the performance of the sailboat itself, and the economic 
level of the region. 

Keywords: LightGBM, PSO, Catboost, Used Sailboat Prices. 

1. Introduction 

1.1. Problem Background 

With the overall improvement of people's material life in the world, people's pursuit of sports has 

become more colorful. Water sports have received a lot of attention and love from sports enthusiasts 

in recent years. As one of the core sports of water sports, sailing has received a lot of attention in 

recent years. As a relative luxury consumer, the second-hand market of sailing has received much 

more attention than the new market. In this context, the market price of used sailing boats will be a 

decisive factor for successful transactions between buyers and sellers in the face of the huge potential 

of the used sailing boat market. This study will be based on this background to make relevant analysis 

and predictions. 

1.2. The work of this paper 

In this paper, a model framework as shown in Figure 1 is proposed to predict the price of used 

sailboats. 
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Figure 1 Flow chart of the model framework 

This article was downloaded from http://www.sailboatdata.com/ The data were obtained from the 

World Bank, International Freight and Trade Association and World Economic Forum, and then the 

data were pre-processed and analyzed to select the nine characteristic factors most likely to affect the 

price of used sailboats, and then the LightGBM and Catboost models were fitted respectively, where 

the LightGBM was optimized by PSO parameters to determine its optimal parameters, and then the 

training set effect was used to The best-fit weights were determined for fusion to obtain the final used 

sailboat valuation model. 

2. Assumptions and Rationale 

In this section, the following global assumptions are presented; the specific assumptions for each 

model are described and proved in the corresponding model introduction and setup. 

Assumption 1 The sailboats in the original data are all non-competitive, non-collectible sailboats. 

This paper argues that certain special uses of sailboats can greatly affect the listing price of 

sailboats, and that these effects may come from certain other factors that are difficult to verify. For 

example, a competitive sailboat may be sought after for certain special advantages and its price should 

move closer to that of a comparable competitive sailboat, and then again, a collector's sailboat has a 

much greater collector's value than its use. 

Assumption 2 It is assumed that all economic data are macroeconomic data, none of which 

originate from the effects of economic crisis, inflation, etc. in certain years. 

The economic crisis, financial bubble and other factors will affect the prices of raw materials for 

boat building, oil prices, etc., while the manufacturing cost of sailboats will still have some impact 

on the selling price of sailboats. 

Assumption 3 It is assumed that region-related economic data, such as GDP and port cargo 

throughput, are counted in the same way for each country, region, and state. 

There are some differences between countries in the statistics of economic data such as GDP, and 

these differences are often difficult to assess. This paper can only minimize the impact of these factors 

as much as possible. 

3. Data Exploration 

3.1. Analysis of factors of price differences of used sailboats 

A sailboat as a commodity has the attributes of both a recreational sport and luxury, and is a boat 

type of transportation in itself. In this case, the price of a used sailboat is influenced not only by its 

own parameters, but also by some external factors. 



Journal of Education, Humanities and Social Sciences EAIS 2023 

Volume 16 (2023)  

 

82 

Sailboat parameters refer to the characteristics of the sailboat itself, mainly including the brand 

and the sailboat configuration. Due to the different brands, the materials and hull structure used in the 

sailboat will be different, and there will be price differences between different brands due to the 

difference in manufacturing cost and reputation. The configuration of the sailboat is mainly reflected 

in the parameters of the sailboat such as length, width, height and displacement, and different 

parameters will lead to different prices[1] . The age of the sailboat also has an impact on the price. It 

is easy to understand that the longer a sailboat is used, or the longer the engine is used, the more it 

wears out and the lower its value. 

External factors mainly refer to the influence of the external environment, such as regional GDP 

per capita, regional maritime cargo throughput, etc. These factors may affect the price of local used 

sailboats from the side. 

The sailing data covered in this paper are from http://www.sailboatdata.com/, economic data and 

throughput data from the World Bank, the International Freight and Trade Association and the World 

Economic Forum, to analyze the factors affecting the price of used sailboats by analyzing their 

parameters, age and market factors (e.g. GDP/GDP per capita/maritime cargo throughput of the 

region where the exchange is located). 

In this paper, we extracted the data obtained from the sailboat's brand, brand variant, skipper, 

geographic region, price tag and year of manufacture, sailboat's width, draft depth, displacement, sail 

area, regional average cargo throughput, regional GDP per capita, etc., and organized them into an 

EXCEL table named Supplementary_data.xlsx. 

3.2. Data pre-processing 

Sailboats are divided into monohull and catamaran. In order to build a more accurate price 

prediction model, this paper extracts the price data of monohull and catamaran sailboats, and then 

draws a line graph to observe the relationship between them. 

 

Figure 2 Used sailboat price line graph 

The pre-processed used sailboat price line graph is shown in Figure 2. It is easy to see that the 

price of catamaran sailboats is significantly higher than that of monohull sailboats, so this study 

further split the data in the Supplementary_data.xlsx file into two sheets for monohull and catamaran 

sailboats. 

Use python to examine the data file Supplementary_data.xlsx, visualize the missing values, and 

later exclude the null values. 

Next, the data are pre-processed by: 

⚫ For brands and brand variants, the study concluded that, to some extent, the number of times 

an item is sold reflects the degree of fluctuation in the value of the item. Therefore, brands and variants 

are counted and sorted according to the number of times they appear in the file , and then the different 

brands and variants are coded and digitized. 



Journal of Education, Humanities and Social Sciences EAIS 2023 

Volume 16 (2023)  

 

83 

⚫ Subtract the year of manufacture from the current year to get the age of the sailboat. 

⚫ For the listing price, first, find the data of sailboats of the same make and model, sold to the 

same region, and average the data of that category, then, compare the data of that category with the 

average: if the absolute value of the difference between a data and the average exceeds 20% of the 

average, the data of that category is considered as abnormal. If the difference between that category 

of data and the average exceeds 20% of the average, the category of data is considered abnormal. It 

is removed and the other data in that category are averaged again, and finally the abnormal data are 

classified as average. 

Finally, in this paper, a total of nine variables, namely service life, displacement, draft, length, sail 

area, average cargo throughput, variable classification, GDP per capita, and CPI, were selected as the 

characteristic variables of the used sailing ship price prediction model. 

3.3. Introduction to the method 

3.3.1. LightGBM algorithm 

The LightGBM algorithm was proposed mainly to solve the problem of slow running and memory 

consumption of GBDT when encountering large amount of data, and its solution is to use two new 

techniques, namely gradient-based one-sided sampling (GOSS) and mutually exclusive feature 

bundling (EFB).LightGBM is a framework for implementing GBDT, which has the advantages of 

fast training, efficient parallel training, distributed support for fast processing of large amounts of 

data, low memory consumption, and high accuracy.[2] . 

3.3.2. Catboost algorithm 

CatBoost's base learner , a GBDT framework based on symmetric decision trees, supports 

categorical variables with few parameters and high accuracy, mainly solves the problem of poor 

processing of categorical features, but also solves the problem of prediction bias and gradient bias, 

reduces overfitting, and improves the generalization ability and accuracy of the algorithm[3] . Catboost 

also combines categorical features. Catboost also solves the problem of prediction bias by using the 

connection between features, enriching the feature dimension, and using ranking boosting to reduce 

the noise in the training set and avoid the bias in gradient estimation. 

Catboost has the following five advantages[4] : 

⚫ High model quality without parameter adjustment and good results with default parameters 

⚫ Supports categorical variables, eliminating the need to pre-process non-numeric features 

⚫ Rapid prediction, allowing models to be deployed quickly and efficiently, even for latency-

demanding tasks; 

⚫ Superior performance: comparable in performance to any advanced machine learning algorithm; 

⚫ A new gradient boosting mechanism can be used to construct the model to reduce overfitting and 

improve accuracy [5] . 

3.4. Introduction of model evaluation indicators 

(1) Mean Absolute Percentage Error (MAPE)[6] 

MAPE =
100%

𝑛
∑  𝑛
𝑖=1 |

𝑦̂𝑖−𝑦𝑖

𝑦𝑖
|                                  (1) 

where yi^ is the predicted value, yi is the true value, and n is the number of samples in the 

Verification set. When the value of MAPE is smaller, it means that the error between the predicted 

value of the number of reporters and the actual observed value of the number of reporters is smaller, 

and furthermore, the performance of the prediction model used is better. 

(2) Judgment factor (R2 )[6] 

𝑅2 =
𝑆𝑆𝑅

𝑆𝑆𝑇
=

𝑆𝑆𝑇−𝑆𝑆𝐸

𝑆𝑆𝑇
= 1 −

𝑆𝑆𝐸

𝑆𝑆𝑇
                                (2) 
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a) SSR: sum of squares of the regression, i.e., the sum of squares of the difference between the 

predicted data and the mean of the original data 

b) SST: Sum of Total Squares, i.e., the sum of squares of the differences between the original 

data and the mean 

4. PSO-Catboost-LightGBM Price Forecasting Model 

4.1. LightGBM-based Valuation Model for Used Sailboats 

4.1.1. PSO-LightGBM parameter optimization 

The sailboat dataset used was processed and a total of 2987 data were available for training, and 

the hyperparametric optimization heuristic PSO was used to find its optimal combination of 

parameters before constructing LightGBM with Spss[7] . The LightGBM parameters are introduced 

as shown in Table 1. 

Table 1. Introduction of important parameters of LightGBM 

Parameter Name Meaning 

Basic Learners 
Used to specify the type of weak learner LightGBM uses decision 

trees as the base learner 

num_boost_round 

The number of trees in LightGBM. The higher the number, the 

higher the complexity of the model, but it may also lead to over-

fitting. 

Learning Rate 
The parameter used to control the degree of contribution of each tree, 

usually ranging from 0 to 1. 

lambda_l1 

The multiplicative term of the sum of the absolute values of the 

weights in the model is used to reduce the complexity of the model 

and to prevent over-fitting. 

lambda_l2 

The multiplicative term of the sum of squares of the weights in the 

model is used to reduce the complexity of the model and prevent 

over-fitting. 

Bagging rate 
The proportion of training samples used to construct the tree in each 

iteration 

Feature_Score The proportion of features used to construct the tree in each iteration. 

Minimum gain 

A threshold value used to control the growth of the tree. When the 

gain of the samples in the split nodes is greater than this threshold, 

the split is performed. 

min_sum_hessian_in_leaf 
denotes the minimum value of the sum of Hessian matrices (i.e., the 

sum of sample weights) of the samples on the leaf nodes. 

max_depth 
Number of nodes in the longest path from the root node to the leaf 

node 

min_data_in_leaf 
denotes the minimum number of samples that must be available at 

each leaf node. 

 

The steps of the basic particle swarm algorithm are relatively simple. The particle swarm 

optimization algorithm consists of a set of particles moving in the search space subject to their own 

best past position pbest and the best past position gbest of the entire swarm or nearest neighbor. the 

dth dimensional velocity update of particle i in each iteration is given by the following equation[8] . 

Among them, the parameters of the particle swarm optimization algorithm formula are shown in 

Table 2. 

𝑣𝑖𝑑
𝑘+1 = 𝜔𝑣𝑖𝑑

𝑘 + 𝑐1𝑟1(𝑝𝑖𝑑,pbest
𝑘 − 𝑥𝑖𝑑

𝑘 ) + 𝑐2𝑟2(𝑝𝑑,gbest
𝑘 − 𝑥𝑖𝑑

𝑘 )                 (3) 
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𝑥𝑖𝑑
𝑘+1 = 𝑥𝑖𝑑

𝑘 + 𝑣𝑖𝑑
𝑘+1                                     (4) 

 

Table 2. Introduction of parameters of particle swarm optimization algorithm formula [9] 

Symbols Description 

𝑁 Particle swarm size 

𝑖, 𝑖 = 1,2, … ,𝑁 Number of particles 

𝑟1, 𝑟2 
Interval [0,1] Random numbers in the interval to increase the randomness 

of the search 

𝐷 Particle size 

𝑑, 𝑑 = 1,2, … , 𝐷 Particle size serial number 

𝑘 Number of iterations 

𝜔 Inertia weights 

𝑐1 Personal Learning Factors 

𝑐2 Group learning factors 

𝑣𝑖𝑑
𝑘  Particle 𝑖 In the first 𝑘 iteration of the 𝑑 dimensional velocity vector 

𝑥𝑖𝑑
𝑘  Particle 𝑖 In the first 𝑘 iteration of the 𝑑 dimensional position vector 

𝑝𝑖𝑑, pbest 
𝑘  

Particle 𝑖 In the first 𝑘 iteration of the 𝑑 The best position in the 

dimensional history 

𝑝𝑑, gbest 
𝑘  

Population in the first iteration 𝑘 iteration of the 𝑑 The historical optimal 

position of the dimension 

 

The velocity and position of each particle are initialized in a random manner. Then, the particles 

approach to the global optimum and individual optimum[5] . For the parameters of the PSO algorithm, 

the recommended value of the basic algorithm, i.e., N = 50, is chosen here in this paper 𝑘 =
150 ,𝜔 = 0.9  , and𝑐1 = 2 , 𝑐2 = 2 [10]. 

The final optimal parameter results are: base_learner-"GBDT", num_boost_round=50, 

learning_rate=0.13, lambda_l1=1, lambda_l2=1, bagging_ fraction=1, feature_fraction=0.5, min_ 

gain_to_split= 0.656924099690, min_sum_hessian_in_leaf=0.5, max_depth=2, min_data_in_leaf=1. 

4.1.2. Appraisal results 

The optimal combination of parameters was used to build the used PSO-LightGBM model for 

sailboat valuation. In order to make the results more specific and convincing and to avoid bias in the 

selected validation set, this paper uses a five-fold cross-validation method, setting MAPE and R2 as 

evaluation metrics, and printing MAPE and R2  for both the training and Verification sets in each 

round of cross-validation. 

The prediction results for each round of the training and Verification sets were collated and the final 

bimodal evaluation results were obtained by taking the average of five rounds of evaluation metrics: 

For a single sailboat: the MAPE on the training set is 10.59575, the MAPE on the Verification set 

is 17.301, the R2 on the training set is 0.951, and the R2 on the Verification set is 0.75875, implying 

that the variance explained by the explanatory variables can account for about 75% of the total 

variance and the model has a good fit. 

For the double-hulled sailboat, the MAPE is 5.833 for the training set and 9.55575 for the 

Verification set. R2 is 0.95425 on the training set and R2 is 0.84625 on the Verification set, implying 

that the explanatory variables explain about 84% of the total variance and the model has a good fit. 

This model was constructed relatively successfully, and the evaluation results need to be compared 

and validated with other models in subsequent comprehensive comparisons. 
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4.2. CatBoost-based valuation model for used sailboats 

4.2.1. Catboost model parameters 

Since the Catboost model does not need to be tuned to obtain high model quality, the model in this 

paper is not tuned and the default parameters are used. 

4.2.2. Appraisal results 

Again, in order to make the results more specific and convincing and to avoid bias in the selected 

validation set, the method in 5.2.3 is still used here to evaluate the results. The prediction results of 

the training and validation sets are collated for each round, and the final bimodal evaluation results 

are obtained by taking the average of the evaluation metrics of the five rounds.  

For a single sailboat: the MAPE on the training set was 11.7245, the MAPE on the Verification 

set was 17.356, the R2 on the training set was 0.95325, and the R2 on the Verification set was 0.755, 

implying that the variance explained by the explanatory variables could account for about 75% of the 

total variance and the model had a good fit. 

For the double-hulled sailboat, the MAPE was 8.28 on the training set and 8.28 on the Verification 

set, and R2 was 0.932825 on the training set and R2 was 0.8445 on the Verification set, implying that 

the explanatory variables explained about 84% of the total variance and the model had a good fit. 

This model was constructed relatively successfully, which means that both models have better 

predictions, and subsequently the two models were fused. 

4.3. PSO-lightGBM and Catboost fusion valuation model 

4.3.1. Weighted Fusion 

The sailboat valuation models used by PSO-lightGBM and Catboost were developed separately, 

and both models were found to be effective and each model had its own advantages. In this section, 

the two models are fused using the weighted fusion method and the fused models are tested using 

MAPE and R2 as evaluation metrics. 

The results obtained from the Verification set were compared with the PSO-lightGBM and 

Catboost models since the training set has limited comparative effect and the Verification set is more 

effective in demonstrating the fusion model. 

In the weighted fusion model, for the single ship, the MAPE and R2 of the verification set were 

16.892 and 0.7723 respectively. For catamarans: MAPE for verification set is 8.015, R2 is 0.8572. 

Compared with PSO-lightGBM and Catboost models, it can be concluded that the predictive 

performance of weighted fusion model is better and stronger. 

Overall, the optimization of the two metrics was combined, and the weighted fused PSO-

LightGBM-Catboost model was successfully constructed to better evaluate the value of used sailboats. 

   

Figure 3 Feature importance analysis of PSO-LightGBM-Catboost model 

The characteristic importance analysis of the PSO-LightGBM and Catboost models is shown in 

Figure 3. According to the analysis of the model, the factors that affect the price of monohull and 

catamaran sailboats are different. Figure 1 on the left shows the order of importance of nine factors 

on the price of sailboats. 
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This paper can clearly conclude that 

⚫ Monohull sailboats The most important factor in water displacement is 24%, followed by 

longevity and brand type. 

⚫ Catamarans Unlike monohulls, the age of the boat is the most important factor affecting the 

price of a catamaran, accounting for 20.6%, followed by the length of the hull and the GDP per capita 

of the region. 

The mean absolute percentage error (MAPE) of this model is 15.79% for monohulls and 7.22% 

for catamarans, which means that this paper is 84.21% confident that the model is fine for monohulls. 

For catamarans, this paper has 92.78% confidence that the model is not a problem. 

From this, this paper can argue that displacement, age and brand variants are more important for 

monohull sailboats, while for catamarans, the effect of GDP per capita becomes important. 

In summary, this paper relies on the PSO algorithm to optimize the LightGBM parameters, and 

then adopts a weighted fusion method to integrate the two models through a comparative analysis 

with Catboost, and obtains a more excellent PSO-LGBM-Catboost price prediction model for 

sailboats, and passes the accuracy analysis. 

5. Conclusions 

In this paper, we rely on the PSO algorithm to optimize the LightGBM parameters, and then 

through a comparative analysis with Catboost, the two algorithms are integrated using a weighted 

fusion method according to the different advantages of the corresponding algorithms to obtain a PSO-

LightGBm-Catboost fusion model with significant effects for sailboat price prediction model. In the 

process, this study found 9 factors that have a strong influence on the price of used sailboats through 

exploratory analysis at . Based on the commonality of the 9 factors and their own characteristics, this 

study conducted the corresponding process of visual analysis, data fitting and model construction. 

The final P-L-C fusion model was constructed. The verification set is used for testing and good results 

are obtained. The successful analysis of second-hand sailboat prices affected by various factors.  
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