
INTRODUCTION

The problem of estimating travel time is a 
widely analyzed issue [1÷4]. There are a number 
of methods for estimating travel time depending 
on the available data. Recently, methods based on 
artificial intelligence techniques have gained popu-
larity [5÷7] . The detection of patterns in the ana-
lyzed data is also considered [8]. Another approach 
consists in multi-dimensional clustering of avail-
able data [9]. Many studies consider the estima-
tion of taxi travel time [10÷13], which depends to 
a large extent on the traffic volume in the [14, 15].

The main goal of this study is to combine the 
most commonly used approaches and propose to 
estimate the time of a taxi trip based on multi-level 
fuzzy clustering combined with the construction 
of a model using modern data analysis techniques. 
At the stage of building the model, apart from 
classical approaches, also ones based on artificial 
intelligence techniques were used, in particular 
Gradient Boosted Trees [16], Random Forest, or 
Tree ensembles [17]. The novelty of the proposed 
solution consists in the use of fuzzy clustering with 

the use of Fuzzy C-Means [18] of geographic data 
in combination with skillful determination of pat-
terns. The essence of the method consists in skillful 
determination of patterns in data at various angles 
and using the average calculated for the elements 
of particular patterns to build the model.

The work is organized as follows. The sec-
ond section contains a description of the proposed 
method. The third one presents an expanded, 
deepened example of the application of the in-
novative approaches discussed. The last part pro-
vides conclusions and future work directions.

THEORETICAL DESCRIPTION OF 
TRAVEL TIME ESTIMATION

The operation diagram of the proposed solu-
tion allowing to estimate the travel time based on 
the information available at the beginning of the 
journey is presented in Figure 1.

The point of departure in the proposed innova-
tive solution is to build a model whose explanato-
ry variables will be the values of the average time 
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of a taxi journey, assuming the occurrence of a 
certain condition. The natural conditions proposed 
for consideration should include the coordinates 
of the beginning and ending points of the journey. 
It is obvious that we are not able to consider all 
the possible combinations of start and end points. 
Therefore it is necessary to group and divide the 
city into certain areas. The natural solution seems 
to be to use fuzzy clustering with Fuzzy C-Means 
(FCM) [18]. As a result of the FCM algorithm, the 
degrees of membership in individual clusters are 
obtained. The value of the average travel speed is 
taken as a representative result for all elements be-
longing to a given cluster.

The division of a town area into clusters 
should be a compromise between the accuracy of 
the division (the larger number of clusters bring-
ing a greater award) vs. speed (fewer clusters). 
The approach proposed in this study consists in 
designating 10 areas, which are then further de-
tailed and each of the areas is divided into 5 sub-
areas. As a result, a division into 50 clusters is 
obtained, but the use of cascade clustering allows 
for a significant reduction in computational com-
plexity, and thus shortening the operation of the 
algorithm. Obviously, another number different 
than 10 is also possible to choose. However, the 
value of 10 was obtained from preliminary testing 
for the database under consideration.

It is proposed to use several independent divi-
sions and determine the average travel speed for 
each of them. The use of the coordinates of the 
travel start points as the first division of the taxi 
operation area is suggested as a natural division. 
In the next step, it is advisable to make a division 
based on the coordinates of the end point of the 
journey and finally to simultaneously consider the 
coordinates of the start and end point of the jour-
ney as variables used in the FCM algorithm.

Basing the average travel speed prediction 
model on the travel start and end coordinates, 
despite its obvious advantages, may be an in-
complete solution. It also seems to be justified 
to include information about the time of the 
travel start in the model. It is obvious that in 

large metropolises the speed of moving around 
the city largely depends on the traffic volume. 
The average speed in the morning or afternoon 
rush hours is much lower than the speed of 
driving in the night hours. In addition, the day 
of the week also undoubtedly affects the speed. 
For the set of explanatory data in the model, 
it is also advisable to use a conjunction of the 
previously considered conditions.

EMPIRICAL EXAMPLE

The operation of the proposed novel forecast-
ing method based on fuzzy patterns is presented 
on the example of estimating the travel time in 
New York by taxi. The analysis used sample data 
[19] limited to 100,000 random elements in the 
training set and 2200 random elements in the 
test set. The adopted numbers of the training and 
test sets were determined as follows to increase 
the transparency of the results visualization. All 
calculations and visualizations of the results 
were made using the KNIME Analytics Platform 
(https://www.knime.com/). In accordance with 
the adopted methodology, all available points re-
flecting the location of the travel start point were 
divided into 10 clusters. The results of the divi-
sion can be seen in the Figure 2.

Then, each of the areas was additionally di-
vided into 5 sub-areas. Average velocity was 
determined for elements belonging to individu-
al clusters. A similar division was made for the 
points determining the coordinates of the end of 
the journey. The third division into groups was 
made on the basis of the coordinates of both the 
start and the end of the journey together.

As a result of these operations, a total of 180 
clusters were obtained, consisting of 30 main di-
visions and 150 detailed divisions. Based on the 
data from the training set, the average speed was 
calculated for the elements belonging to each clus-
ter. These results differ significantly from each 
other, which can be seen in Figure 2. The points 
representing the highest average speed journeys 

Fig. 1. Schema of the proposed method



Advances in Science and Technology Research Journal 2021, 15(3), 224–232

226

are marked in red. It can be seen that the highest 
average speed is achieved for journeys departing 
from the outskirts of the city. Courses held in the 
city center are characterized by a lower average 
speed, which is marked in yellow in Figure 2.

Then, the data contained in the training set was 
divided according to the time of travel start. Instead 
of using the standard division by hour, FCM was 
also used, thanks to which the obtained division is 
more dependent on the analyzed data and more suit-
ed to their specificity. The visualization of the ob-
tained division can be observed in Figure 3, where 
individual colors are responsible for belonging to 

the winning cluster. At first glance, the results of 
such a division may seem insignificant, but they 
play a huge role in building the model. The vi-
sualization presented in Figure 3 shows the lack 
of dependence between the time and place of the 
beginning of the journey.

For the points belonging to the clusters ob-
tained in this way, the average travel speed was 
also determined. The values of this mean are 
presented in Figure 4. As predicted, journeys 
with the highest average speed take place during 
the night. The starting point is irrelevant in this 
context of data analysis.

Fig. 2. Average speed for different sub-areas

Fig. 3. Time of day clusters
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The next division of the elements of the train-
ing set was made according to the day of the week 
on which the trip took place. It turns out that the 
number of elements belonging to each group var-
ies, which may suggest that there are different 
numbers of taxi journeys on different days. The 
distribution of the number of taxi journeys by day 
of the week can be seen in Figure 5.

Evidently, the percentage of taxi trips taken 
on Sunday is the smallest, which is probably 
due to much less traffic on that day. Less city 
traffic on Sunday allows for a smoother ride, 
which has at least two consequences. First, the 
higher average speed of journeys on that day. 
Second, and more important from a modeling 
point of view, greater traffic flow reduces the 

chances of traffic disruptions and at the same 
time increases the precision of the estimates.

Another axis of data division is to distinguish 
both the day and time of the beginning of the taxi 
course. Such a division of data allows to capture 
complex relationships reflecting the variability of 
weekly and daily cycles in the intensity of urban 
traffic. The penultimate division category takes 
into account the time of day as well as the loca-
tion of the beginning of the taxi course. The last 
category of division takes into account both the 
coordinates of the start and end of the journey 
and the time of the day when the journey takes 
place. The last two categories make it possible to 
include in the estimates both the daily volume of 
city traffic and the traffic volume in specific city 
locations. The Figure 6 shows the average speeds 

Fig. 4. Average speed for the split, taking into account the time of day

Fig. 5. Percentage of the number of taxi journeys by day
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for individual groups taking into account the time 
of day and the location of the beginning of the 
taxi course. The color of the point corresponds to 
the average speed value in a given class.

After in-depth analysis of the data presented in 
Figure 6, it can be seen that the highest average speed 
of over 105 mph is recorded for journeys departing 
from JFK airport during night hours. On the other 
hand, the journeys with the lowest average speed 
starts downtown during the afternoon rush hour. In 
this case the average speed does not exceed 9 mph.

Based on the data divisions of the training 
set and the average speeds determined for them 
with which the taxis traveled, a model forecast-
ing the average speed of a new journey was 
built. Several competing approaches have been 
considered for comparison. A linear model, a 
polynomial model, a Gradient Boosted Trees 
model [16], a Random Forest model and a tree 
ensemble [17] model were determined.

Information from the test set was used to verify 
the effectiveness of individual models. Based on 
the patterns describing individual clusters in FCM, 
the affiliation of each course from the training set to 

individual clusters was determined in each of the an-
alyzed approaches. In this way, a series of values was 
obtained corresponding to the average speeds deter-
mined on the training set. These values were substi-
tuted into appropriate models and an estimate of the 
average speed was obtained. Basic statistics for the 
relative error of estimation are presented in Table 1.

When analyzing the results contained in 
Table 1, it should be noted that the best model 
is obtained after applying the Gradient Boosted 
Tree (GBT). The average value of the relative er-
ror for the GBT-based model is only 9\%, which 
is significantly lower than the other models. After 
a more in-depth analysis of the remaining statis-
tics, it should be noted that first quartile of the 
estimates for the training set is less than 2\%. The 
value of the third quartile is 11\%, which confirms 
the high efficiency of this model. These values 
indicate a very good estimation of the average 
travel speed using the model based on average 
speeds determined for different data divisions for 
the training set. It should also be noted here that 
simple models, such as a linear model or a poly-
nomial model, do not give satisfactory results.

Fig. 6. Average speed depending on the time of day and location of the beginning of the course

Table 1. Basic statistics for the relative error
Statistics\Model Linear Polinomial GBT Random Forest Tree Ensemble

Average 0.42 0.35 0.09 0.16 0.16

Quartile 1 0.12 0.13 0.02 0.05 0.05

Median 0.25 0.22 0.06 0.10 0.10

Quartile 3 0.48 0.41 0.11 0.17 0.16

Standard deviation 0.70 0.46 0.15 0.25 0.23
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It is also advisable to investigate how the rela-
tive error is distributed for different data partition 
criteria. For example, Figure 7 shows the average 
relative error of the GBT model broken down into 
consecutive days of the week.

It can be observed, that the day of the week 
may have a bearing on the estimation error. The 
slightest error is achieved for trips that take place 
on a Sunday. This is a relatively natural observa-
tion, because on Sundays there is usually less traf-
fic in cities. Due to the reduced traffic, it is easier 
to estimate the unknown average travel speed, be-
cause fewer factors can distort correct forecasting.

On the other hand, the value of the average 
relative error after taking into account the divi-
sion into the main areas of travel commencement 
is presented in Figure 8.

Figure 8 shows the average values of the error 
estimates for the items belonging to the super-clus-
ter of cluster number 2 and number 9, as in the test 

set of such elements are not found. The geographi-
cal location of individual areas is shown in Figure 
9. It can be seen that some areas do not appear in 
the graph either. This is due to the fact that the ele-
ments located off the coast of Africa and Europe 
were allocated to two clusters. The area of data 
presentation was limited to the New York area and 
the clusters were not mapped in Figure 9.

The elements belonging to a given cluster ac-
cording to the proposed method are then reclassi-
fied using the FCM method. The results of an ex-
emplary detailed division can be seen in Figure 10.

It can be seen that the additional division of 
the travel start area is of particular importance in 
the city center.

The comparison of the actual speed value 
with the best estimation methods is shown in Fig. 
11, where the travel time is marked on the X-axis. 
It is easy to notice that one of the observed values 
differs significantly from the others. However, 

Fig. 7. Average value of the GBT model relative error for each day

Fig. 8. Average estimation error due to membership of the cluster designated by the beginning of the journey



Advances in Science and Technology Research Journal 2021, 15(3), 224–232

230

Fig. 9. The main clusters for division according to the starting point

Fig. 10. Division into sub-areas of elements belonging to cluster number 3

most models were able to estimate this peak well 
in the data well.

On the basis of the estimation of the av-
erage speed with which the journey will take 
place, it is also possible to easily estimate the 
travel time. It is enough to use any tool deter-
mining the distance between two points and on 
this basis calculate the travel time.

CONCLUSIONS AND FUTURE WORK

The method of estimating the time of a taxi 
trip, based on historical data, proposed in the 
study gives the possibility of planning a trip and 
allows better time management. The results of nu-
merical experiments confirm the potential of the 
proposed approach. Based on a relatively small 
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training set, it was possible to build a model in 
which the average relative error is at the level of 
9%. High efficiency in the estimation of the travel 
speed clearly translates into the effectiveness of 
the estimation of travel time.

There are plans for further research on the de-
velopment of the proposed concept involving the 
use of a larger number of elements in the training 
set. In addition, it is planned to introduce more 
conditions to be included in the analysis and to 
introduce more clusters in FCM. 
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