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Introduction
Numerous innovative mobile services have been introduced into society and have caused 
many changes in our daily lives. People can use various devices to serve their needs and 
interact with such devices as personal assistants. On the street, in-vehicle tracking is 
widely used to collect massive amounts of trajectory data, and with today’s rapid pro-
gress in big data analysis, such mobility data can be mined to evaluate traffic congestion, 
travel speed, and trip time in urban areas. The results provide us with new insights into 
understanding traffic phenomena and can help mitigate various driving problems.

Bangkok is one of the world’s most congested cities, making it a challenge to get 
around during peak rush hours. Traffic congestion has been one of the most debatable 
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issues for many years. The study in [1] shows that in Thailand, public and private vehi-
cles spend additional time on the road and pay up to 16% of additional fuel costs for 
transportation. Unfortunately, road traffic congestion reduces the productivity of 
transportation services. Consequently, the profit earned daily is reduced. However, 
this is opposite to the cost of living, which has been increasing rapidly in recent years.

The easiest and most comfortable way to get around the city, if not always the quick-
est, is by taxi. Thailand is one of the world’s major cities with the cheapest taxi fares 
[2]. For one taxi ride at a distance of 5 km, the fare is only 57 THB or 1.5 EUR. The 
initial fare for a taxi ride is also cheaper than the cost of living. For instance, a taxi 
fare is cheaper than the price for a single bottle of beer [3].

Bangkok has hundreds of thousands of taxicabs and finding one at any time is never 
a problem. However, getting a taxicab in Bangkok can sometimes be challenging. In 
many cases, the driver will not accept rides to areas with heavy traffic. As mentioned 
earlier, road traffic congestion reduces the service productivity and reduces daily 
profits. This issue results in drivers avoiding trips toward congestion areas. In addi-
tion, the driver might be at the end of the driving shift (e.g., day or night shift), and 
intended destination might be in the opposite direction as the vehicle return location. 
Therefore, taxi drivers most commonly refuse to pick up a customer when the pas-
senger’s destination differs from the driver’s preferred route. Indeed, if the passenger’s 
route needs to go through heavy traffic, it will reduce the driver’s profit.

Taxicabs play an essential role in city transportation networks. They have been 
shown to be an important transportation mode in most large cities globally. How-
ever, in many countries, economic issues as well as the presence of alternative modes 
of transportation have a negative impact on taxi driver incomes. This issue has 
been widely discussed in many different sectors, although no real solution has been 
reached. This problem leads to taxi drivers frequently rejecting passengers because 
they would like to service customers that will gain them more profit. A news article 
in 2015 stated that “Bangkok is a city infamous for its taxi service, with drivers often 
rejecting passengers, demonstrating poor road manners and charging overpriced 
fares.”

It is not only local citizens who face this problem but also travelers visiting Thailand. 
In our study, we further conducted a survey and interviewed taxi drivers in Bangkok. 
The results show that 62% of taxi drivers have had experiences refusing passengers, the 
potential reason being that the passenger’s desired route would gain them less profit. 
The issues mentioned above motivated us to study and propose a sustainable solution to 
this problem.

The key point of interest is the data applied to the system (e.g., data from a GPS tracker 
installed in the vehicle), which are fast, massive, and are of significant variety. Such data 
have been called big data.

As a benefit of big data, they contain vital information that can extract insight into 
mobility patterns. Such information can be used to help taxi drivers earn more money. 
For instance, they reveal the mobility patterns of taxi trajectories. We can therefore 
know how the driver operates the vehicle and the amount of profit earned for each ride. 
Furthermore, big data can be used to recommend what not to do to avoid a reduction in 
income.
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However, it is not easy to extract such information from big data. Occasionally, such 
data have noise and various outliers. To this end, the present study applied a big-data-
driven model for dealing with such massive data amounts. We aim to use this infor-
mation to assist taxi agencies and the government in improving taxi driver profits in 
Bangkok. A solution to the above issues was also found through this study.

The remainder of this paper is organized as follows. "Related studies" section focuses 
on a survey of methodologies for dealing with large-scale data. "Problem definition" 
section provides a detailed statement of the problem, its significance, and the motiva-
tion behind this research. "Methodology" section presents the methods used to conduct 
the data analysis process, as well as the experiment conducted using a data analysis and 
suggestions for areas of improvement. The proposed model is also described. The next 
section presents the experimental results. "Discussion" section describes the factors 
involved in a taxi profit analysis, as well as a comparative experiment conducted. Finally, 
our findings are summarized, and some concluding remarks and suggestions for poten-
tial improvements to the present study are provided.

Related studies
In recent studies, many researchers have tried to find a way to address this issue. Such 
studies can be divided into various perspectives including spatial and temporal, recom-
mendation systems, demand prediction, algorithms, and application developments. 
Large-scale data can be used in an analysis of the spatial and temporal locations; for 
example, [4] mined interesting locations and travel sequences in specific geospatial 
regions using GPS trajectories on a tree-based hierarchical graph to find the neutral 
relationship of the visitors in the region. In addition, [5] used taxicab trajectory data to 
discover popular areas.

Some studies have used data to develop a recommendation system for improv-
ing driver profits; for example, [6] proposed a taxi recommendation system for deter-
mining the next cruising location using an L–L graph model. Qu et al. [7] developed a 
cost-effective recommender system for taxi drivers, and Kamimura et al. [8] presented 
a recommender system, called D-Taxi, that informs taxi drivers where to find the next 
passenger using the latest pickup and drop-off data. Moreover, Ding et al. [9] defined a 
new method called global-optimal trajectory retrieving (GOTR) to find a route with high 
profit and increase the chance of receiving the next customer. Zhang et al. [10] proposed 
a pick-up recommendation method for taxi drivers based on spatio–temporal clustering. 
Yuan et al. [11] presented a recommender system for taxi drivers and passengers seek-
ing a taxicab using the knowledge of (i) passenger mobility patterns and (ii) taxi driver 
pickup behaviors. Finally, Zhang et al. [12] proposed a cruising system, pCruise, for taxi 
drivers to maximize their profits by finding the optimal route to pick up a passenger.

Large-scale data can also be used for demand prediction within certain periods of time. 
For example, Qi et al. [13], presented a method to predict the waiting time for a passen-
ger at a given time and spot from historical taxicab trajectories. Zhang and Haghani [14] 
used a gradient-boosted tree to predict and improve the traveling time. Moreira et al. 
[15] used taxi data to predict demand by using streaming data, and Yingjun et al. [16] 
predict the number of taxicabs using wavelet-based neural networks. Finally, Zhou et al. 
[17] predict bus passenger demand based on mobile device usage.
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In additional to such studies, the benefit of large-scale data can be applied. For exam-
ple, [18] introduced an algorithm to calculate taxi fare rates from large-scale data. The 
main objective is to determine the impact on driver profits when applied a different fare 
within various distance range. Bai and Wang [19] developed a taxicab routing and fare 
rate estimation by integrating the calculation algorithm into a mobile application, and 
Egan and Jakob [20] created a marketing design for on-demand transport services that 
considers market mechanisms in the design.

Fortunately, in recent years, improving taxis services has become a popular topic 
attracting many researchers in the transportation research field. Zhang et al. [21] pro-
posed a queuing network approach to improve the customer’s waiting and searching 
time. This model also considers traffic congestion on urban road links. Jayasooriya and 
Bandara [1] presented a methodology for measuring the economic costs of traffic con-
gestion. The authors discovered that road traffic congestion reduces the workforce pro-
ductivity for both private and public motorized transport. Regrettably, the cause of high 
traffic congestion originates from bus transportation and car/van transportation.

Further, Wong et  al. [22] proposed a methodology to improve taxi services. First, a 
survey of customers was conducted to rate the level of satisfaction regarding a taxi ser-
vice. Next, an enhanced linear regression model was developed to identify the priority 
areas for improvements in the service quality of urban taxis. Finally, a six level of service 
(LOS) tool was applied to analyze the current level of a taxi service. Moreover, Čulík 
et al. [23] proposed a cost analysis to analyze the taxi service cost on a digital platform 
(e.g., Uber, Bolt, and Taxify). Fortunately, their research is similar to this study, in that a 
cost analysis was conducted.

However, the critical difference is that [23] did not consider the traffic situation for 
the model analysis. The model seems to be static and is not driven by data. For [22], the 
approach is based on a paper-based survey. Their findings are impressive. However, we 
are currently in the era of a data-driven approaches, which are more feasible in the anal-
ysis stage than a regular survey. Unfortunately, using only a paper-based survey increases 
the time for data collection and analysis. Therefore, these issues, including road traffic 
congestion impacting the economic cost mentioned earlier, has motivated us to fill in the 
gaps in the studies by [22, 23].

In addition, the cost measuring methods presented in [1] are also adopted to compute 
the route cost of a taxi trajectory.

Problem definition
Road traffic congestion is a critical problem in urban cities. This congestion is a common 
issue whose resolution is debatable. The authors of [1] mentioned that road traffic con-
gestion interrupts and reduces productivity in transportation services. People in urban 
areas spend more time on the road and are required to pay for the extra transportation 
cost. These issues have a wide impact on all occupations that apply transportation, par-
ticularly taxi drivers.

Unfortunately, taxis service demand has changed over time. This has caused difficul-
ties for taxi drivers to maintain their profits based on the road traffic congestion. To this 
end, it is necessary to discover the cause of such congestion and suggest a feasible solu-
tion to better assist taxi drivers.
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However, the data obtained are highly dimensional, making it more challenging to 
analyze than single-dimensional data. Each dimension consists of vital information. 
Therefore, it is necessary to develop a new methodology to handle such data.

If a traditional approach is applied, it will result in drivers potentially losing opportu-
nities to serve customers, with a decrease in overall profit, consequently impacting the 
overall economy.

To overcome these issues, a new big-data driven-model is proposed. This model 
is designed to handle large-scale data. After the data are transformed, a distance-cost 
based model is applied to extract the trajectory information. The information is then put 
into the predictive model using machine learning (ML).

As a result, the accuracy of the prediction results indicates whether the data patterns 
have been accurately extracted. Finally, the extracted information is then used to suggest 
an optimal fare addition for taxi drivers in finding and picking up customers.

Methodology
There are approximately 140,000 official licensed taxis in Bangkok. We collected the GPS 
probe data from 10,000 taxis with 5-s intervals for a 5-month period in 2016 (January 
through May 2016). Approximately 5000 taxis are active at the same time. An analysis of 
this large-scale mobility data allows us to achieve insight and understand the potential 
impact of profits of taxi drivers based on their detour routes and traffic profiles using 
big-data-driven models. The results obtained in this research can provide better infor-
mation regarding taxi fares and indicate better solutions to the taxi routing problem.

We assume that the profits of taxi drivers will vary depending on the distance and traf-
fic congestion during their trips. The current taxi fares in Bangkok were calculated. The 
fixed starting fare for a distance of 0–1 km is 35 THB. For a running distance of 1–10 
km, the taxi meter rate is set to 5.5 THB per km. The Bangkok taxi fare changes by 2 
THB; therefore, the meter will go up every 0.36–0.37 km at this rate. In other words, the 
longer the distance of the taxi trip, the higher the taxi meter rate.

However, if the distance is over 10–20 km, the rate is increased to 6.5 THB per km. 
The meter will go up by 2 THB every 0.30–0.31 km. Further, from 20 to 40 km, the rate 
is increased to 7.5 THB per km and continues increasing until reaching 80 km, where it 
maxes out at 10.5 THB per km. In addition, when a taxi is in a traffic jam (i.e., moving 
slower than 6 km/h), an extra charge of 2 THB per minute is added to the current fare. 
For more information regarding taxi fares, please refer to [24].

Data cleansing and preprocessing

We first obtained taxi GPS data for more than 5000 taxi vehicles in Bangkok from Janu-
ary to May 2016. These data are considered big mobility data, with the size of approxi-
mately 5 terabytes. Therefore, we believe that the data covers all trends regarding the 
mobility of taxis and are ready for analysis. However, the data contain many outliers and 
errors, and we first needed to explore and clean the data for their removal. Therefore, we 
first created a 1 km× 1 km geospatial grid and used a spatial intersection technique to 
divide the data into a small sub-area.

The origin–destination (OD) matrix is created and referenced by a 1  km2 area. The 
GPS data that are not located in the Bangkok area were removed. In addition, we cleaned 
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up existing errors and outliers by applying statistical rules such as the speed, distance, 
and total amount of GPS point (GPS count) per trip. After the data went through the 
cleansing process, the grid windows are used to mapping the data, as shown in Fig. 1.

As presented in Fig. 1, the grid windows were created from the spatial polygon and 
divided into 100× 100 squares. In addition, each 100m× 100m grid is assigned a 
unique ID. During the next step, we took a road network from OpenStreetMap [25] and 
the intersection technique [26] are then applied to the spatial polygon and the road net-
work. As a result, the grid intersected with the road network is returned along with the 
unique grid ID.

After we obtained a grid, we then matched the GPS data point to the grid using the 
intersection technique. Therefore, each GPS data point is assigned along with the grid’s 
unique ID, as shown in Fig. 1. This unique ID is further used when we reference the loca-
tion of the trajectory or when we want to remove any outliners in the GPS data points 
that occur far from the road (e.g., do not have a unique ID). This technique aims to 
enhance the quality of the trajectory. This is vital because the lower the error, the more 
accurate the distance and travel information that are returned.

Second, we explored the data components such as the speed, data source, meter, 
timestamp, and International Mobile Equipment Identity (IMEI). We removed the data 
from unknown data sources that were not related to this study.

The proposed model

After obtaining the preprocessed data, we then constructed a model using a data-driven 
framework, which is called a big data-driven model. The model is presented in Fig. 2.

From Fig. 2, the proposed model consists of six components as follows:

• Data,
• Cost–distance algorithm,
• Trip basic statistic report,
• Data analysis,
• Profit prediction and result evaluation,
• Profit recommendation.

Fig. 1 Road segments mapped to a 100-m grid



Page 7 of 27Phiboonbanakit and Horanont  J Big Data             (2021) 8:7  

In the following sections, we then presented the methodology behind these components.

Data

The data that are processed in the data pre-processing stage are now ready to be input 
into the model. The data structure is shown in Table 1.

Cost–distance algorithm

We developed a cost–distance algorithm that improved from [18, 27]. This algorithm 
aims to determine the distance, average speed, total trip time, and trip cost. In addition, 
this variable is used to analyze the impact on a taxi driver’s revenue (net profit) in the 
following sections. The algorithm used to process the data is presented in Algorithm (1). 
Please note that the code for this algorithm will be available at [28].

Fig. 2 Data-driven framework for analyze taxi probe data
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In this study, a cost–distance algorithm was developed and used for transforming the 
structure data of GPS data points into the origin–destination (OD) trip information. The 
data are stored and ordered using IMEI, a timestamp in a hive table of a Hadoop cluster.

The algorithm took the streaming GPS point, speed, meter status, and timestamp to 
begin the computation process. Please note that the algorithm takes one record at a time 
for computation. First, the algorithm checks for the meter status. If the meter status is 
equal to “1,” then the IMEI, date–time, speed, and coordinates at the origin are stored 
into a temporary variable.

Second, the next GPS record is fetched and input into the algorithm. Similar to the 
previous step, the algorithm checks for the meter status. Suppose that the meter status 
is equal to 1 and belongs to the same IMEI that is stored in memory. In this case, the 
cumulative distance, travel time, and traffic congestion (e.g., when the vehicle is moving 
slower than 6 km/h.) are computed. The distance is computed from the cumulative dis-
tance between the two points of the origin and current coordinates.

Similarly, for the travel time and traffic congestion, there is a time difference between 
each point. Finally, the IMEI, date–time, and speed are updated into a temporary vari-
able. In addition, the profit earned during the trip is also computed at this stage. The 
computed profit follows the guideline in [24], and remains at this stage until a meter 
status equal to “zero” is fetched into the algorithm.

Finally, the final profit at the destination is computed from the cumulative distance 
and traffic congestion time obtained earlier. In addition, the average speed was com-
puted at this stage. As a result, the profit at the current trajectory is returned for storing 
into a hive table and preparing for further analysis.

This algorithm continues the procedure mentioned above until all GPS records are 
computed. In summary, the result consists of the distance, average speed, total trip time, 
and profit for each trip. The result is stored in a hive table, which is arranged and ordered 
by date and time.

For the specifications of the computations, the algorithm was run on Apache Hive 
inside the Hadoop cluster. The cluster machine consists of eight machines. Each machine 
consists of an Intel Xeon CPU, 1 TB of storage, and 16 GB of RAM. Therefore, the time 

Table 1 Structure of the taxi GPS data collected from real driving vehicles in Bangkok

Field Variable Description

IMEI “10011304” Taxi identification

Latitude 13.73522 Degree

Longitude 100.58979 Degree

Speed 30.0 km/h

Direction 16 Degree

Error 0.0 Data error status

Acceleration 0 Paddle press status

Meter 1 Taxi’s vehicle vacant status

(0 mean vacant and 1 mean 
has passenger)

Time-stamp 2016-01-14 10:39:40 Date and time of GPS location
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consumed for data processing is approximately 1.25–2.00 h, depending on the remaining 
machine resources.

Please note that we used Apache Hive and Spark for data computation. These two 
frameworks are conducted on different tasks. For instance, Apache Hive deals with data 
processing tasks. By contrast, Apache Spark conducts the data analysis part, such as the 
application of a predictive model and analytics. We understand that Apache Hive is slow. 
Therefore, it was used only for dealing with the data processing tasks.

We chose Apache hive for running this algorithm is as follows: 

1. The algorithm deals with data processing, which extracted the taxi’s trajectory statis-
tics from the structure data.

2. Apache hive is a pure data warehouse and has its own SQL interface operating in 
Hadoop, the so-called “HiveSQL.” Therefore, it is easy to develop a faster data ware-
house framework.

In conclusion, the algorithm is presented in Algorithm  1 and its parameters are 
described as follows:

• The cost represents the cost of the current taxi trip, and the distance represent the 
trip’s distance.

• The totaltriptime represents the time duration of the trip during a minute period.
• The trafficdelay represents the duration in which the speed is less than 6 km/h (traffic 

jam) in minutes, and the meter represents the vehicle status (a 0 indicates no cus-
tomer on board and a 1 indicates a customer is on board).

• The value of pmeter represents the previous meter status from the previous GPS data 
point.

• pgrid , plat , plon , and pdt represent the previous grid, latitude, longitude, and times-
tamp from the previous GPS data point.

Trip basic statistic report

In this section, the basic statistic returned from the cost distance is presented. It shows 
patterns and insight on how taxi services are operated in Bangkok. Furthermore, a 
report consists of the basic statistics of an active vehicle ordered by time, vehicle speed, 
distance, and travel time.

We then explored the information; Fig. 3 shows all taxi trips categorized by date. It is 
obvious that a sudden decrease in active vehicles on January 1–3, 2016, is caused by the 
New Year’s festival. This is because many drivers are absent. In addition, during April 
12–16, 2016, a sudden decrease occurred again. This was caused by the Thai New Year 
festival. Thai people normally return to their hometowns and visit their relatives during 
this period.

Furthermore, Figs. 4, 5, 6 show the basic statistics on the speed, distance, and travel 
time of the taxi trips. These initial results are crucial because they allow recognizing and 
removing outliers from the data. As a result, we obtained high-quality results.
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Figure 4 shows that most of the taxi trips in Bangkok have an average speed of approx-
imately 20–30 km/h because of the traffic conditions. Some of the trips consist of taxi-
cabs searching for customers.

Fig. 3 Number of active taxicabs from January through May of 2016

Fig. 4 Speed of taxicab trips

Fig. 5 Distance of taxicab trips
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Figure  5 demonstrates that taxi trips in Bangkok are more likely to be of short dis-
tances than long distances. This result could point directly to taxi problems in Bangkok 
because some drivers are concerned with such distances, and aim to maximize their rev-
enue with low operation costs.

Nevertheless, driving on long-distance trips increases their expenses. It also results in 
a low possibility of getting customers on the return trip.

Finally, the travel time was also determined, as shown in Fig. 6. It was shown that most 
of the trip of between 10 and 20 min long when they have customers on board. We can 
conclude that these two features depend on each other.

Taxi survey

In this study, the questionnaire survey and installation of an in-house mobile application 
aim to collect taxi service information from an experienced taxi driver in Bangkok. This 
information from the survey enables us to better understand the quality of the service, 
pricing, and target customers. It is also used to validate the predictive models shown in 
"Data analysis" section. These two data collection periods (ground truth) are 1 month in 
length.

The questionnaire survey asked the participants the following: 

 1. Gender.
 2. Age.
 3. How long have you worked as a taxi driver?
 4. What type of vehicle do you drive?
 5. Age of the vehicle.
 6. Do you have regular maintenance of your vehicle?
 7. What type of taxi service do you offer (public, private, or other)?
 8. Have you ever rejected a ride to a passenger?
 9. What is your average driving speed?
 10. What is the most popular destination for your customers?

Fig. 6 Taxi trip duration
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 11. Which period is highly profitable?
 12. Which period is difficult for you to get a passenger?
 13. What is your most frequent trip length (short, medium or long)?
 14. Which type of trip provides the highest profit?

Please note that this is an online questionnaire survey, and the full form is accessible 
through [29].

In addition to the questionnaire survey, an in-house mobile application was installed 
on the taxi driver model device, and was used to collect the driving trajectory and fare of 
each ride. The information from the mobile application is also used for model validation.

The details of the information collected from the mobile application are as follows: 

1. Taxi fare for each ride. The fare is in THB.
2. Same features mentioned as mention in "Profit prediction and result evaluation" sec-

tion.

Data analysis

In the previous section, statistics from various features were analyzed. Therefore, in this 
section, the equations for calculating the net profit and expense costs are introduced. 
The equations are calculated based on the trajectory distance, travel time, and traffic 
delay (i.e., vehicle moving at a speed of less than 6 km/h).

Finally, the output equation is the taxi driver’s net profit for each trip. After the net 
profit is returned, we then analyze the net profit based on the area of the pickup, the dis-
tance of the trip, and the driving period.

Net profit and expense costs

The results obtained from the cost–distance algorithm were used to calculate the net 
profits (N). The net profit (N) was calculated as shown in Eq. (1).

where d represents the distance that can be traveled in the current time, T represents the 
total trip time, pd represents the distance traveled before the customer is picked up, and 
PT represents the total trip time before the customer is picked up. The labor and vehicle 
maintenance costs are not included in this equation. There are two main reasons for this. 
First, there are many types of vehicles that operate as taxis. Second, taxi drivers are free-
lancers and do not have any monthly fixed allowance from the company.

The overall details of this equation are divided into three parts. The first part denotes 
the profit that is collected from the passenger. The second part denotes when a taxi vehi-
cle has a customer (passenger) on board. The third part denotes the cost at which the 
taxi cruises to find customers. After deducting this cost, it is the net profit where taxi 
drivers earn on each trip.

In this study, the Toyota Corolla Altis 1.6 CNG was used as the sample vehicle, which 
is commonly used as a taxi vehicle in Thailand. The vehicle specifications include a 55-L 

(1)N = Profit −

(

d × ct

md

)

− (T × S)− TF −

(

pd × ct

md

)

− (PT × S)− PTF ,
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fuel tank and a 75-L natural gas for vehicle (NGV) tank. The fuel consumption was 12.19 
km/L, which was obtained from the manufacturing documents. The fuel costs are 22.04 
THB/L for fuel and 13.36 THB/L for NGV (as of May 5, 2016). The cost for a fulfilling 
vehicle fuel tank (ct) is given by Eq. (2).

The details of Eq. (2) are a multiplication of the vehicle capacity fuel tank by the fuel 
price. Therefore, the fuel cost is returned. Moreover, md denotes the maximum distance 
that a vehicle can drive on one full tank of fuel or NGV. In addition, it is calculated by 
multiplying the fuel consumption by the total amount of fuel in one tank, as shown in 
Eq. (3):

By contrast, the service cost (S) is calculated from taxi rental costs in Thailand, which 
is approximately 1000 THB/day. We first divided the rental cost by 24 h. After that, we 
divided the results obtained earlier by 60. Therefore, the service cost per minute is then 
returned, as in Eq. (4).

In addition, TF represents the vehicle’s fuel consumption when stopped or running 
slowly for a long time (6 km/h), as shown in Eq. (5).

Note that PTF uses the same equation as TF. However, PTF is the calculation for the 
traffic delay of the trip before the customer is picked up. However, TF is for the cur-
rent trip once the customer is onboard. The traffic delay is considered when taxi vehi-
cles drive less than or equal to 6 km/h based on standards by Thailand’s land transport 
department. Then, a factor of 20/1000 is derived from the state in which the vehicle 
is idling or parking. The vehicle will consume approximately 20 cc of fuel per minute. 
Therefore, we divide by 1000 to make the unit in liters.

Finally, to calculate the net profit per distance (C) of travel, N and d are used, as in Eq. 
(6).

The net profit per distance obtained using Eq. (6) is summed and divided by the total 
trip each hour, as shown in Eq. (7). As a result, it returned an average net profit per dis-
tance, which this driver earned during each hour of the day. In the final step, it is multi-
plied by the total distance of travel per hour. Therefore, the net profit per hour (NPH) is 
returned.

(2)ct = fueltank × fuelprice.

(3)md = fuelconsumption × tankcapacity.

(4)S =

taxirental
24

60
.

(5)TF =

(

trafficdelay × 20

1000

)

× fuelprice.

(6)C =
N

d
.
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Finally, we computed how much fare we need to enable drivers to be more profitable. 
Unfortunately, drivers are required to spend money daily on the vehicle’s energy con-
sumption and car rental. Some costs occur because of the vehicle use.

This cost could generate a profit loss in terms of the actual money obtained (i.e., when 
a routing occurs). Finally, the top-up amount (RT) to be added to the taxi’s fare is com-
puted through Eq. (8). This top-up money aims to assist taxi drivers in achieving a more 
profitable route than in the past. In addition, this outcome can assist the governor in 
determining reasonable taxi fares.

where RT represents the top-up money that should be added to the regular fare rate, and 
PL represents the profit loss of each trip, which is calculated by subtracting the net profit 
of the taxi drivers from the actual profit (result from Eq. (1)). Here, NT represents the 
net profit from a taxi trip with no traffic and the same range of distance.

Finally, the probability that drivers will lose profit from this trajectory pattern (e.g., 
from the distance of travel or traffic congestion) at a specific time can be computed using 
the history trajectory data presented in "Data" section.

Profit prediction and result evaluation

In this section, prediction models constructed are described and their accuracy is esti-
mated. This step aims to discover the basic trajectory patterns that are correlated to the 
changes in the taxi’s net profit. The recursive feature elimination (RFE) method [30] is 
first applied to the data. The RFE is used to select important data features before being 
input into the predictive model. These features are correlated to the taxi’s net profit.

The features used in this study are as follows:

• Features:

• source direction,
• destination direction,
• distance,
• origin location (latitude and longitude),
• destination location (latitude and longitude),
• origin area code (referencing the geospatial 1 km grid),
• destination area code (referencing the geospatial 1 km grid),
• trip and waiting times,
• speed (maximum, minimum, and average),
• traffic delay,
• meter status,
• the time stamp of start and end of the trip,
• day of the week.

(7)NPH =

n
∑

i=0

(

Ci

Cn

)

×

m
∑

i=0

di.

(8)RT =
(

(PL× d)× Probability
)

+ (NT − N ),
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• Predicted variable:
• Net-profit.

Second, the candidate predictive models include a standard random forest (RF) [31], 
decision tree (DT) [32], and gradient-boosted regression tree (GBRT). These models 
were used to reveal the insight provided by the trajectory patterns.

During the model training process, the selected features using RFE are then input into 
the predictive model. A K-fold cross validation (CV) is used to select the optimal param-
eters and tune all models. In addition, the CV is set to 5× folds. After obtaining the opti-
mal models, the models are executed. These models aim to predict the net profit for each 
trajectory from the given features.

Subsequently, the performance of each model is evaluated by comparing the predic-
tion result with actual operational data. This study used real data collected from more 
than 50 volunteers of taxi drivers for data validation (ground truth). The real data col-
lected consists of the profit (taxi fares from the taxi meter) and expenses for each vehicle 
determined from the driver’s short interview and installation of a developed in-house 
mobile application, as mentioned in “Taxi survey” section.

Therefore, this information is aggregated into the same format as the features used to 
train the model earlier. Finally, we verified the result by inputting the ground truth data 
into the model. The model then predicts the net profit from the given inputs. As a result, 
if the prediction error is low, it denotes that the model is reliable and statistical for fur-
ther analysis.

These predictive models were then executed using Apache Spark 2.0. We chose 
Apache Spark 2.0 to conduct a data analysis for the following reasons: 

1. Spark applies analytical tasks in memory. Therefore, it is faster than conducting a 
data analytic task on MapReduce.

2. Spark supports large-scale and streamed data up to petabytes. Therefore, it is feasi-
ble to conduct a real-time analysis from the streamed GPS data points from the taxi 
vehicle’s GPS tracker.

Evaluation of the result

In this study, the root-mean-square error (RMSE), mean absolute error (MAE), accu-
racy, and f-measure are used to evaluate the model prediction results. In addition, the 
computational time of these models was also compared. Furthermore, state-of-the-art 
models from [22, 23] are also reproduced for comparison with our proposed model.

The more accurate prediction results indicate that the selected features are essential 
and can reveal insights that play a role in the changes in the taxi’s profit.

Profit recommendation

In this section, a solution is provided, which consists of the trip type and amount of 
added fare that is returned from Eq. (8). The recommended action is then presented, and 
is used to improve the taxi driver’s profit and reduce any problems, as described earlier.

In this study, we recommend an add-on fare that enables taxi drivers to receive 
more profit when driving under different situations. This recommendation is based 
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on the information retrieved from the data, as mentioned in “Data analysis” section. 
For instance, a trip with traffic and no traffic congestion is a trip with short, medium, 
and long distances. These different situations are recommended by the specific fare to 
be added and make the drivers profitable. Therefore, drivers do not need to consider 
whether the trip they took will reduce their income. The big data model is adapted to 
changes driven by the data and returns the effective solution at the current time of day.

Experimental results
From the proposed big-data-driven model, the analyzed results are divided into four 
parts. We first presented a taxi survey. This survey aims to obtain all information related 
to taxi businesses and how they provide service to customers. These results are prelimi-
nary results, and assist in the following part of this study. We then present the experi-
ment conducted on the data and indicate the types of routes that yield more profit. 
Comparative predictive models are also presented and are used to perform the tasks of 
extracting insight from the data. Finally, the add-on fare is presented. This is used to rec-
ommend a reasonable fare and driving pattern for drivers.

Taxi survey

In this study, a paper-based survey is used to define the taxi problem, making us better 
understand the taxi problem. As shown in Fig. 7, more than 50 taxi drivers participated 
in the survey and consisted of various types of vehicles:

• A total of 58% were private taxis, where the driver owns the car.
• A total of 39% were public taxis, where the driver rents the car from a garage.
• The remaining 3% were other types of taxis.

Information was also collected on how taxis find customers and whether they have 
declined to serve potential passengers.

The results show that taxi drivers look for customers mostly in areas where shopping 
and department stores are located. This is followed by public transportation such as a 
train station or bus stop, as shown in Fig. 8.

Fig. 7 Taxi types participating in the survey
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Finally, it is essential to discover why taxi drivers decline to serve potential passengers. 
The survey states that 62% of drivers have experience in declining serve to a customer 
owing to trip issues (e.g., traffic jams and a time limitation). Consequently, when a cus-
tomer requests service and the route is different from the desired direction, it may cause 
a delay in changing shifts with the next driver, as shown in Figs. 9 and 10.

In Fig. 11, an example of a taxi density map from Rama I, Bangkok, which is a popular 
shopping area at the center of the city, is shown. The figure shows that the high-density 
areas are within the shopping complex along with Rama I road.

Data analysis

Types of routes that are profitable

The results show that the most profitable journey is when the driver drives in multi-
ple short-distance journeys. This driving style provides more profit than a single average 
long-distance journey (approximately 49.61%).

Fig. 8 Location where taxi drivers look for customers in Bangkok

Fig. 9 Proportion of drivers who have declined to serve a customer
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By contrast, the second-most profitable journey is when drivers drive multiple average 
medium-distance trips. This driving style enables taxi drivers to earn up to 8.31% more 
profit than the average long-distance journey.

Finally, when drivers drive multiple average short-distance journeys, it enables driv-
ers to earn up to 38.13% more profit than average medium-distance trips, as shown in 
Fig. 12.

Important features and predictive model developments

From the results described in the previous section, feature selection based on a recur-
sive feature elimination (RFE) is conducted on the taxi GPS data. This study used an 
origin–destination (OD) trajectory record extracted from GPS data as the training set. 
The results of the feature selection by RFE are presented in Fig. 13. After obtaining the 
necessary features of the predictive models, the top-5 selected features are input into the 
predictive model.

We aimed to use these classifiers to predict the taxi’s profit from the features selected 
in "Profit prediction and result evaluation" section. Therefore, a lower classifier predic-
tion error indicates that the features selected are appropriate and influence the change in 
the taxi driver’s profit with respect to time.

After the predictive models were executed, the prediction results are as shown in 
Table 2. The efficiencies of the RF regression, gradient-boosted regression tree (GBRT), 
and DT were evaluated using the evlautation metrics, as presented in “Evaluation of the 
result” section. The lower of RMSE, MAE, and the higher of accuracy, and F-measure 
values indicate that the selected features are efficient in revealing the insight that causes 
critical changes to the taxi driver’s net profit. The model of [22, 23] is also reproduced 
for comparison with our proposed model.

Note that the profit and net profit shown in this study are denoted in Thai Baht (THB). 
In addition, for the study by [22], the computational time cannot be compared because it 
involves an external site survey.

Fig. 10 Reasons why taxi drivers have declined to serve a customer
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Profit recommendation

From the proven features revealed in the previous section, the net profit and profit loss 
of each trip are calculated. The simulation was conducted for two situations (i.e., typical 
trips without traffic and trips containing traffic). After this trip information is obtained, 
the calculation using Eq. 8 is then computed for the amount of fare to be added. There-
fore, a reasonable fare is suggested. The solution proposed by taxi drivers is also com-
pared to the solution of our proposed model.

Fig. 11 Taxi density map in Rama I, Bangkok

Fig. 12 Comparison of trip distances and profit
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Table 3 divides the computational results into three categories, i.e., a real trip (no traf-
fic), a real trip (with traffic), and an average trip. Please note that the result in Table 3 is 
shown in THB.

The distance used in the experiment is set to 5 km, which is the average for a short dis-
tance trip. The difference between profit and net profit is also compared. As a result, the 
amount of profit loss for each trip is returned.

Consequently, we now discover how much the profit that taxi drivers should earn daily 
differs from the actual amount they earn. These results are revealed from the collected 
and transformed data, and indicate why the data-driven model is of importance to the 
governor for making decisions.

After the loss of profit is computed, we then calculate the additional fare needed to 
help taxi drivers earn more profit using the proposed Eq. (8). This additional fare is pre-
sented in the “Additional fare”’ rows. In addition, when these additional fares are added 
to the actual profit, the reasonable fare for the recommendation is return, as presented 
in the “Recommend fare”’ rows.

Fig. 13 Feature importance related to net-profit

Table 2 Prediction results

Model Actual Predicted RMSE MAE Accuracy 
(%)

F-meas. Time (min)

RF 123.27 133.07 9.80 5.51 92.05 0.91 0.19

GBRT 123.27 135.23 11.96 6.01 90.30 0.87 1.33

DT 123.27 135.23 11.96 6.01 90.30 0.87 0.06

[22] 123.27 134.53 11.26 5.65 90.37 0.89 –

[23] 123.27 155.32 32.05 16.11 86.32 0.75 0.67

Table 3 Fare adjustment results

Real (no traffic) trip Real (traffic) trip Average trip

Actual profit 57 57 57

Net profit 46 34 40

Recommend fare 64 72 68

Difference (%) 20 40 30

Additional fare 7 15 7.5
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Discussion
After first conducting a site survey, the results are divided into four sections. After 
obtaining the information, we classified the route followed by determining the impor-
tant features used to extract insight from the data. Finally, an analysis of fare suggestions 
is conducted, and the results are discussed here.

Taxi survey

This section describes a paper-based survey conducted to obtain general information 
from taxi drivers and better understand the problem. The preliminary data of this study 
are also provided. We discovered that the most popular location to pick up customers 
is a shopping area or department store, as indicated in Fig. 8. The second most popular 
area is a transportation area, followed by schools and universities. Further, the survey 
results show that 62% of the survey respondents have declined to serve customers. The 
most common reason is an issue with the trip (e.g., a traffic jam or limited time available 
for driving). This statement is supported by Fig. 10.

If a customer calls for a service, and the route differs from the desired route, it may 
then cause a delay in changing a shift with the following driver. The drivers are con-
cerned most about the routes and are willing to go to destinations that have yielded a 
large profit. By contrast, they decline to drive to a destination where they will lose profit 
or cannot obtain more passengers during the next driving period. The primary assump-
tion is that profits will depend on the taxi trip’s routing and distance. Traffic congestion 
also plays an important role and impacts this problem.

Data analysis

Types of profitable routes

Referring to the previous section, taxi drivers are concerned most about the possibil-
ity of obtaining customers and the time limit for each trip. Therefore, in this section, 
an experiment conducted to reveal profitable trips and prove the earlier assumption is 
described.

In the experiment, we first extracted and grouped the trip into three groups, namely, 
“short,” “medium,” and “long.” A trip is classified based on the range of distance. For 
instance, a short distance is a trip ranging between 1 and 20 km. A medium distance is 
a trip ranging between 20 and 40 km. More than 40 km is considered a long distance. 
After every trip is grouped, we computed the average distance, fare, traveling, and times 
of traffic congestion.

Finally, short, medium, and long trips are compared. For instance, one long-distance 
trip is 90 km of traveling distance. Therefore, if a short distance is taken for comparison, 
we take 9 short-distance trips to obtain a total distance equal to that of a long-distance 
trip.

The experiment shows that frequent average short trips earn more profit than a single 
average long-distance over the same distance. To increase the taxi driver’s performance, 
we suggest that they consider the destinations that they have serviced.

In general, supposing that the data are unavailable, we cannot know how much profit 
each trip type provides in a real situation. One possible way is to interview the drivers. 
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Although this method is acceptable, the information is based on experience and assump-
tions, and can contain bias.

Unfortunately, some drivers have believed that long-distance trips earn more profit, 
whereas in reality, more frequent, shorter distance trips increase the net profit. There-
fore, this experiment aims to confirm and validate the knowledge of profit earned by 
drivers before continuing to the later part of the study.

Important features and predictive model developments

In this section, the importance of the features related to profit is determined. The test 
results show that the most important features evaluated from the RFE are the distance, 
followed by the travel time, speed, and traffic congestion. After we obtained the essen-
tial features, these features were input into the predictive models. The predictive models 
were then executed.

This study applied only general regression models (e.g., an RF, GBT, and DT) because 
this study first aims to discover a trajectory pattern that has impacted the taxi driver’s 
profit. Therefore, when selected features are input into the model, the model then uses 
these features to predict the profit that taxi drivers earned for each trajectory.

Furthermore, we previously chose the trajectory features to represent each move-
ment. These features are the most correlated features of profit. Therefore, if the predic-
tive models are effectively predicted, it is proven that selected features can represent the 
impact on the taxi profit.

From this outcome, it is unnecessary to perform a more complex model, such as deep 
learning (DL). The DL model requires more time for hyperparameter tuning and is easy 
to overfit.

Second, the current ML research has various regression models for applying predic-
tive models. Although the outcomes were acceptable, the RF, GBT, and DT were cho-
sen as the predictive models. These are based on the ensemble method, which combines 
several models to produce a final optimal predictive model. As a result, it reduces the 
chance of an overfitting.

Finally, the results of the tree-based predictive models are easy to interpret compared 
to the neural network or DL. A regression tree aims to partition the input space into sev-
eral regions by starting with a single root and continuously splitting the node into two 
child nodes using an appropriate splitting rule. This process continues until the termina-
tion conditions are satisfied. Thereafter, each leaf node contains several elements from 
the training dataset, and a constant prediction value will be assigned to this leaf node by 
averaging the output values of all of these elements.

The experiment shows that an RF has the best prediction by obtaining a 9.80 RMSE 
(92.05% of accuracy), followed by [22] with 11.26 RMSE (90.37% of accuracy), the gradi-
ent boosted tree and decision tree with an RMSE of 11.96 (90.30% of accuracy). Lastly, 
[23] with 32.05 RMSE (86.32% of accuracy). The lower RMSE indicates that the insight 
from the data are accurately extracted and revealed. Consequently, the models accu-
rately returned the predictive results.

From the results, it is shown that the RF provided better results in terms of the predic-
tion. Unfortunately, the computational time is slightly worse than that of the DT. How-
ever, the difference was not significant. Therefore, it is still acceptable for practical use. 
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The state-of-the-art models were also compared. We also reproduced the model from 
[22, 23] for comparison with our proposed model. The results show that the RF model 
using this study methodology can outperform the model using the methodology from 
[22, 23].

The rationale behind this originated from the model designed specifically for the prob-
lem of Bangkok city. This includes using the real traffic conditions and internal opera-
tional factors of the taxi agency for the computations. These factors are not included in 
[23]. Nevertheless, this model is typically general and can also be used for any other city 
problems with minimal changes.

In conclusion, from these predictive model results, it was proven that distance, fol-
lowed by the travel time, speed, and traffic congestion are crucial factors. They play an 
essential role in the taxi driver’s profit. Therefore, to recommend an add-on fare, it is 
necessary to consider these factors in the computation. The add-on fare aims to enable 
driver profit and suggest a reasonable fare to the governor.

Profit recommendation

The previous sections show that distance plays an important role and has a high impact 
on the taxi driver’s net profit. This has led to the recommendation of a fare-rate by using 
data-driven approaches.

In Bangkok, there is a problem with increasing road traffic congestion as stated in the 
introduction. All departments try to solve this issue. Furthermore, a group of drivers 
has introduced some solutions, some of which do not meet customer satisfaction. For 
this reason, a solution that can help taxi drivers earn more profit than in the past is pro-
posed, and is compared with the solution proposed by taxi drivers.

The analysis results show that a shorter distance taxi ride will earn more profit. As 
a result, the results suggest that drivers should take more short-distance trips. This is 
because they will have more benefits than when waiting for a long amount of time for a 
long-distance trip and without the risk of not finding the next passenger. Next, the taxi 
fare is calculated when driving under a situation with no traffic and when traffic is intro-
duced. Fortunately, a cost–distance algorithm can be used to calculate this process.

The trajectory features obtained are input to calculate the fare, the difference in fare, 
and the profit loss (i.e., caused by traffic congestion, distance, and vehicle costs). Sub-
sequently, the occurrence of the selected driving pattern is computed. Finally, a value-
added fare is suggested using Eq. (8).

The results demonstrate that for an actual short-distance trip of 5 km with a traffic 
delay of 10 min, for example, the customer pays 77 THB. Furthermore, the result also 
demonstrates that traffic congestion reduces the driver’s profit from 57 to 34 THB (an 
approximately 40% decrease). This result proved that not only does the distance of the 
trip play a role in changing the driver’s profit, traffic congestion is also a crucial factor 
involving such changes.

However, in a new solution proposed by taxi drivers, the customer pays 127 THB, 
which is a 65% increase. By contrast, according to our recommendation using Eq. (8), 
customers pay only 72 THB, 55 THB less than the solution proposed by drivers. In other 
words, this is an optimal fare that provides benefits to both drivers and customers.
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However, it does not significantly change between the net profit and profit in a short-
distance trip without traffic. It is therefore unnecessary to make changes to the fare.

In conclusion, the recommendation regarding the taxis fare is driven by large-scale 
taxi trajectory data. Furthermore, this study also shows that unmeaningful data can be 
transformed into valuable information and knowledge that significantly improve the taxi 
services in urban cities. If there is a lack of data, it is difficult to recommend reasonable 
fares for taxis drivers and support the decision-making of the governors.

Conclusions
This study investigated several taxi problems and improved the methodology of [23]. 
The primary purpose is to determine why a taxi driver declines to serve customers in 
Bangkok using a data-driven approach. Taxi probe data collected over several months in 
the Bangkok area were used for analysis.

To begin with, we started with data exploration on raw data, and cleaned unwanted 
data included outliers. The technique behind this process is geospatial techniques such 
as geospatial grids and intersections. We then constructed a big-data-driven model to be 
a framework for the analysis of this data.

From the results, there are two main findings. First, it was discovered that the solution 
proposed by taxi drivers directly benefits the drivers but does not satisfy customers. This 
study suggests that the recommendation returned from the proposed model will satisfy 
both customers and drivers. The number of fares to be added is a balance between the 
traditional fare and the fee proposed by the driver’s so-called optimal solution.

The driver can make more profit, and customers do not have to pay an extremely high 
fare under traffic congestion.

Second, it was proven that distance, followed by travel time, speed, and traffic con-
gestion, are crucial factors for determining the trajectory patterns. These patterns have 
a significant impact on taxi driver profits. As a result, these factors are considered for 
recommending the add-on fare to the drivers. The recommendation of an add-on fare 
is based on travel distance and traffic congestion at a specific time. These factors are 
extracted from big data and are effectively predicted by the RF, GBRT, and DT at up to 
9.80 RMSE and 0.19 min of computational time.

In this study, we demonstrated the practical use of the proposed model through an 
example of a regular taxi trip. The results show the solution when the trip is involved 
and not involved under traffic congestion. As a result, the recommendation of an add-on 
fare can be used to enable taxi drivers to earn more profit. For instance, 7 THB is added 
for a non-traffic congestion trip and 15 THB is added for the traffic congestion trip. 
Therefore, drivers do not need to consider whether the trip they received will reduce 
their income. The big data model is adapted to changes driven by the data and returns 
the effective solution at the current time of the day.

Finally, this study has certain limitations. It only considered the routing perspective. 
It is assumed that the operational cost is equal among vehicles. However, other per-
spectives also need to be considered (e.g., economic, human resources, and taxi agency 
operation).

In a future study, we will improve the proposed model to handle more complex sce-
narios and correlated factors. A comparison of the deep learning approach is also 
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considered to support the dynamic system when suggesting routing and optimizing 
profits.
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