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Abstract: Cruising route recommendation based on trajectory mining can improve taxi-
drivers' income and reduce energy consumption. However, existing methods mostly 
recommend pick-up points for taxis only. Moreover, their performance is not good 
enough since there lacks a good evaluation model for the pick-up points. Therefore, we 
propose an entropy-based model for recommendation of taxis' cruising route. Firstly, we 
select more positional attributes from historical pick-up points in order to obtain accurate 
spatial-temporal features. Secondly, the information entropy of spatial-temporal features 
is integrated in the evaluation model. Then it is applied for getting the next pick-up points 
and further recommending a series of successive points. These points are constructed a 
cruising route for taxi-drivers. Experimental results show that our method is able to 
obviously improve the recommendation accuracy of pick-up points, and help taxi-drivers 
make profitable benefits more than before. 
 
Keywords: Trajectory data mining, location-based services (LBS), optimal route 
recommendation, pick-up point recommendation, information entropy. 

1 Introduction 
Nowadays, the advances in mobile computing and location-acquisition techniques have 
enabled us a group of location-based services (LBS). LBS based on trajectory data mining 
mostly aims to alleviate urban traffic congestion and reduce environmental pollution. For 
instance, trajectory data are applied for road infrastructure monitoring [Zheng (2011); Li, 
Liu, Liu et al. (2011); Lili and John (2009)], traffic status probing [Chen and John (2010); 
Pablo, Zhang and Li (2012)], auxiliary urban planning [Pan, Qi, Wu et al. (2013)], 
transportation services improving [Rajesh, Nguyen and Jiang (2011); Yuan, Zheng, Xie et 
al. (2011); Yuan, Zheng, Zhang et al. (2010); Qu, Zhu, Liu et al. (2014)], etc. 
Traveling by taxis is a major means of public transportation in modern cities. But taxis 
spend 35%-60% working time to search passengers by cruising along the roads [Dong, 
Zhang, Dong et al. (2014)]. Therefore, many researchers focus on pick-up point 
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recommendation from the path-optimization or the profit-maximization perspective. 
Obviously, there are some defects: (1) They may result in sending all cruising taxis to the 
same location to compete for the same group of passengers. (2) Single attribute of 
trajectory data will lead to subjective one-sidedness. 
Addressing at above problems, we propose an entropy-based model for recommendation 
of taxis’ cruising route. It is able to provide an optimal cruising route recommendation 
service via measuring the value of historical pick-up points based on information entropy. 
This paper is an in-depth study based on previous work [Liu, Liu, Liao et al. (2016)]. Our 
contribution lies in three aspects: 
(1) Manifold attributes of taxis’ trajectories are measured based on information entropy 
theory. And they are applied to select a sequence of optimal pick-up points for taxis’ 
cruising route recommendation. 
(2) The passengers-finding points are obtained during a kind of pruning algorithm after 
mining the spatiotemporal pattern from historical GPS data. 
(3) The model of entropy-based cruising route recommendation (ECRR) is evaluated by 
experiments. The results show that it outperforms the traditional method of top-k 
recommendation. 

2 Related work 
2.1 Pick-up point recommendation for drivers 
Sun et al. [Sun, Guan and JinHong (2017)] developed a novel clustering-based scheme 
that can exploit multi-source information for taxi pick-up points recommendations. In the 
literature [Zhang, Liu, Liu et al. (2012); Liu, Liu, Wang et al. (2016)], the passenger pick-
up point recommendation is obtained by spatiotemporal analysis of the trajectory data. 
Davis et al. [Davis, Raina and Jagannathan (2018)] employed classical time-series tools 
to model the spatio-temporal demand. Lai et al. [Lai, Lv, Li et al. (2019)] collected useful 
information from trajectories, then calculated the traffic forces for cruising taxis, based 
on which taxis are routed to optimal road segments to pick up desired passengers. Li et al. 
[Li, Bao, Li et al. (2016)] mined the most influential set of locations by traversing the taxi 
trajectories to find k locations in a given spatial region. The single pick-up point 
recommendation may cause multiple cruise taxis to gather at the same location to 
compete for the same group of passengers. The singularity and smallness of the pick-up 
point attributes will lead to subjective one-sidedness of the recommendation results. 

2.2 The sequence of pick-up points recommendation for drivers 
Xu et al. [Xu, Zhou, Liu et al. (2015)] used a preference trajectory scanning algorithm to 
identify taxis Preference trajectory to build offline graph trajectory model to recommend 
hunting trajectory for taxis. Huang et al. [Huang, Shan, Cheng et al. (2018)] took an 
experienced taxi driver as a learning object, proposed an efficient recommendation 
system based on the wide and deep model. Dong et al. [Dong, Zhang, Dong et al. (2014)] 
used a system of linear equations to calculate the score of each road and recommended a 
profitable cruising route for taxi drivers. Yang et al. [Yang, Wang, Rahimi et al. (2015)] 
recommends profitable routes based on assigned potential profitable grids and updates 
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the profitable route constantly based on taxis’ movements. Zhang et al. [Liao, Zhang, Liu 
et al. (2019)] fused the driver's location, distance, and other geographic information into 
the hidden semantic model. Most of these above methods focus on taxi passenger 
recommendation from the perspective of path optimization or profit maximization, and 
lack of analysis of the current spatiotemporal information of the driver. 
As a multi-dimensional measurement tool, information entropy can be used to determine 
how much valuable the information is and to measure the weight of each evaluation index 
in the estimation of information value. It is more meaningful to combine multiple indexes 
to measure the value of pick-up points. Therefore, we propose an entropy-based model 
for recommendation of taxis' cruising route. By considering multiple evaluation indexes, 
the pick-up points’ selection model is constructed for empty taxis. Information entropy is 
applied to weight each evaluation index of pick-up points. Multiple pick-up points are 
successively recommended to create the optimal cruising route. 

3 The framework of our approach 
The framework is shown in Fig. 1. Firstly, pick-up points are mined from taxis’ 
trajectories. Pick-up points mean the location carrying passengers. Passengers-finding 
points mean the gathering areas of passengers which are reckoned as those of pick-up 
points in this paper. The density of passengers-finding points or pick-up points indirectly 
reflects the passengers’ carrying demands in this region or at this position. 

Pick-up points extraction

Spatio-temporal analysis

Pick-up points selection 
model

Information measure

passengers-finding point 
solution based on information 

entropy

The optimal sequence 
construction

Entropy-based 
cruising route 

recommendationGPS 
data

 
 Figure 1: The framework of our approach 

Secondly, a kind of spatial-temporal analysis method based on density clustering is 
proposed to capture the passengers-finding point. By investigating deeply pick-up points’ 
spatial-temporal distribution characteristics, we can recommend passengers-finding 
routes for taxi-drivers and support the taxicab dispatching system.  
Next, we choose the most determinant attributes by our experiences, and construct an 
entropy-based model of selecting passengers-finding points. Information entropy is 
applied to measure attributes values for taxis. 
Finally, we repeat the entropy-based model K-1 times. Each time an optimal passengers-
finding point is obtained, and it is used as the current location of taxis for the next round 
of calculations. Thus, we can get K optimal passengers-finding points by the depth-first 
method. These points are concatenated as a cruising route recommended to taxi-drivers. 
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4 Details of our approach 
4.1 Attributes definition and computation 
Historical GPS data of taxis are firstly preprocessed to distil the pick-up points and the 
passengers-finding points. The spatial-temporal features of these points are described by 
manifold attributes, such as the carrying probabilities, the waiting time of passengers-
finding points, the travel time and the travel distance after carrying. According to the 
taxi’s current location, the distance and the arrival time to the passengers-finding point 
can be computed. Through the entropy-based model of selecting passengers-finding 
points, several sequential points are successively obtained to create a cruising route for 
recommendation. The values of the four attributes are computed as follows: 
(1) Carrying probabilities of passengers-finding points. 
It is denoted as the number of pick-up points in unit time and in unit area. If it is bigger, 
the chance of finding passengers at this location is bigger. In the Eq. (1), ( )Area i  means 
the given area range centered on the passengers-finding point, ST  is the given time range. 

( )Number i  means the number of pick-up points in the spatial and temporal range. 

( )
( )

( ) S
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P i

Area i T
=

×
                                                                                                                         (1) 

(2) Waiting time of passengers-finding points 
It is a time-range for a vacant taxi from waiting to picking up passengers at this location. 
In the Eq. (2), ST  is the given time range, ( )Number i is the number of pick-up points in 
the spatial and temporal range. And ( )w k is the waiting time of the k-th pick-up points in 
the area ( )Area i . 
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(3) Trip time after carrying 
In the Eq. (3), ST is the given time range, ( )Number i  is the number of pick-up points in 
the spatial and temporal range. ( )ft k is the trip time after carrying of the k-th pick-up 
points in the area ( )Area i . 
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(4) Trip distance after carrying 
In the Eq. (4), ST  is the given time range, ( )Number i  is the number of pick-up points in 
the spatial and temporal range. And ( )fd k  is the trip distance after carrying of the k-th 
pick-up points in the area ( )Area i . 
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Generally speaking, the drivers’ profit is proportional with the trip time and the trip 
distance, and is inversely proportional with the waiting time. 

4.2 Pick-up points selection model 
Assuming that the no-load taxi starts from point O, we select the passengers-finding 
points within a certain distance from O in the current slot from the historical passengers-
finding points data. The spatial-temporal features of each passengers-finding point are 
described by N attribute values. Herein, we choose 5N = . The five attributes are 
respectively carrying probabilities of passengers-finding points, waiting time of 
passengers-finding points, trip time after carrying, trip distance after carrying, and the 
distance between the current location and the passengers-finding point. Those 
passengers-finding points and attribute values are respectively depicted with two 
sets 1 2{ , , , }kX x x x=   and 1 2{ , , , }NU p p p=  . 

The decision matrix A is given as follows. In the matrix, (1 ,1 )
ij

i k j nα ≤ ≤ ≤ ≤  means the 
j-th attribute value of the i-th passengers-finding point. Different attribute values have 
different effects on the decisions. To avoid the effects, we employ gravimetric 
transformation to normalize the decision matrix A , in which ijr  are normalized 
parameters of column vectors according to the Eqs. (6) and (7). For three benefit type 
attributes, carrying probabilities of passengers-finding points, trip time and trip distance 
after carrying, we apply the Eq. (6) to compute ijr . For two cost type attributes, carrying 
probabilities of passengers-finding points and the distance between the current location 
and the passengers-finding point, we apply the Eq. (7) to compute ijr . Thus, the 
normalized matrix R  is created. 
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4.3 Passengers-finding point solution model based on information entropy 
After constructing the selection model of pick-up points, it is necessary to measure the 
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points’ values in the decision matrix according to the current location and the current 
time of taxis. The values are computed in light of the theory of information entropy. 
Step 1 The entropy

j
E is the information entropy of attribute values jp in the matrix U . 
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1
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= − ∑                                                                                                                  (9) 

Step 2 The weight vector 1 2( , ,..., )NW w w w is computed for the N  attribute values. 
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where jw is the weight value of the j-th attribute jp in U , jE is the information entropy 
of jp in U . 

Step 3 The integrated attribute vector ( )Z W of 1 2{ , , , }KX x x x=   is computed via the 
following formula. 

=1 =1
( )

ij j

k n

i j
Z W r w= ∑∑                                                                                                                       (11) 

Step 4 To obtain the top-m optimal passengers-finding points, we sort these points by the 
integrated attribute vector ( )Z W and select them from high to low. 

[ ( ( ))]  (1 m k)mZ MAX Sort Z W= ≤ ≤                                                                                       (12) 
The top-m optimal pick-up points can be computed within certain time-slot and in the 
distance scope via this model. Owing to considering manifold attributes, it effectively 
avoids the one-sidedness. 

4.4 Entropy-based cruising route recommendation 
Since the actual situation is dynamic, only a single pick-up point recommended for taxis 
may lead to the failure of carrying passengers at that position. If single factor such as the 
carrying probabilities is applied for top-k recommendation, taxi-drivers may be puzzled 
to find the next point when the passenger at the recommended point has been lifted. 
Therefore, we attempt to recommend not one point but an optimal sequence of pick-up 
points with the highest probabilities. Passengers release pick-up requirements with the 
current time and the location at first. The optimal sequence will be constructed via the 
selection model of pick-up points and the solution model based on information entropy. 
According to the current time and the local position, the two models, the selection model 
of pick-up points and the solution model based on information entropy, are repeated (k-1) 
times. Each time the previous passengers-finding point is used as the initial point. 
Suppose the location O of a taxi is the initial point. Then the top-m optimal pick-up points 

1 2, , ,i i imP P P  can be calculated from the pick-up data according to the time-slot and 
distance scope. In turn, one of the previous points is reckoned as the initial point, and 
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then the  m m×  optimal pick-up points are computed successively. Thus, a k-layer tree is 
constructed with optimal pick-up points. Herein, we adopt k=3. Next, the pruning 
algorithm and the depth-first searching algorithm are explored to select points 
successively. Consequently, the optimal cruising route is generated and then 
recommended to taxis. 

5 Experiment and analysis 
5.1 GPS data preprocessing 
The data set used in this paper comes from the open trajectory data set provided by the 
GeoLife project of Microsoft Research Asia, which contains the trajectory data set of 182 
users in Beijing from April 2007 to August 2012. The information such as the latitude, 
longitude and time of the user’s location is mainly collected, the status information is not 
recorded, that is, the no-load or the state of carrying passengers. Since the taxi trajectory 
data is collected by the GPS device, when a special situation occurs, such as signal 
occlusion, cold start, etc., the signal is weak or no signal may interfere with the data 
acquisition of the GPS device, we correspondingly performed some data cleaning 
operations, including outlier detection, trajectory smoothing, and stay area detection. In 
order to obtain the passenger record point therefrom, the trajectory data needs to be pre-
processed. The trajectory data preprocessing steps are as follows： 

5.1.1 Extracting pick-up points 
The occurrence of passenger-carrying events usually means that taxis are stationed 
somewhere or cruise at low speed, so pick-up points can be extracted based on the 
detection of the residence area. The location where a taxi picks up passengers is usually 
the last point in the stay area or the end of a low-speed cruise and the starting point of the 
trajectory. The average speed before carrying passengers is less than the given speed 
threshold Vθ

, and the average speed after carrying passengers exceeds the given speed 
thresholdVθ

. And the driving distance exceeds the given distance threshold δ . The track 
segment 1 2{ , ,..., ,..., }i nT p p p p , 

i
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5.1.2 Passengers-finding points generation and evaluation 
According to the time attribute and spatial attribute of pick-up points, this paper draws on 
the cluster analysis method mentioned in Yuan et al. [Yuan, Zheng, Zhang et al. (2013); 
Zhang (2013)], improves the Spatial Temporal Analysis (STA). This paper uses the 
density-based OPTICS [Ankerst, Breunig, Kriegel et al. (1999)] algorithm. This paper 
divides the time in hours and divides the day into 24 time slices.   
Pick-up points are divided according to the experimental area. Spatial clustering analysis 
of pick-up points in small areas, then the whole area is analyzed. The results obtained by 
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the spatial attribute analysis are divided according to the time attribute of pick-up points 
in the cluster, and the spatial analysis result is retained to the time period when pick-up 
points ratio of a certain period exceeds a given threshold. A candidate point set [ ]ST N can 
be obtained. 
Pick-up points are divided into various time segments, and then the spatial clustering 
analysis is carried out according to the spatial attributes of pick-up points in each time 
period. A candidate point set [ ]TS M can be obtained. 
The data sets [ ]ST N and [ ]TS M should be eliminated the duplicate data. Let candidate 
point i and j come from candidate sets [ ]ST N and [ ]TS M , respectively. When the 
distance ( , )dist i j between candidate points i and j is less than the given distance 
threshold, it is considered that candidate points i and j represent the same region and are 
repeated candidates. Calculation of the score of repeated candidate points by Eq. (14).  

1
( ) ( , ) [0, ]

( , )(1 ),
( , )k K

Score i dist i k d
dist i k
dist i j≤ ≤

= ∈−∑                                                                          (14) 

In the Formula, ( )Score i is the score of the repeated candidate point ( , )dist i k , ( , )dist i k is 
the distance between pick-up point k  and the candidate point i in the region represented 
by the candidate point, K  is the total number of pick-up points in the region represented 
by the repeated candidate point, and d  represents the distance threshold. 
By obtaining the score of repeated candidate points i and j , the new candidate point 
position is calculated by Eq. (15). Where O is the position coordinate of the new 
candidate point, and ( )L i is the position coordinate of the candidate point i . 

( ) ( , )
( ) ~

( ) ( )
Score i dist i j

O L i
Score i Score j

×
=

+
                                                                                                   (15) 

In order to verify that pick-up points obtained by spatial-temporal analysis method can 
indeed represent the gathering place of passengers. This paper draws on the method of 
judging the accuracy of docking sites in Yuan et al. [Yuan, Zheng, Zhang et al. (2013)], 
and uses this method to test the search point passengers-finding points of this paper. In 
this paper, the radius of the accuracy of the passengers-finding points is constantly 
adjusted from 5 meters to 50 meters, and the results are shown in Fig. 2, it can be seen 
that the accuracy of passengers-finding points obtained by the spatial-temporal analysis 
method reaches 90% at a radius of 25 meters. The spatial-temporal analysis (STA) 
method of obtaining pick-up points in this paper is compared with the method of MSRA 
for obtaining the Carrying-passenger docking point by the hierarchical clustering method 
in Yuan et al. [Yuan, Zheng, Zhang et al. (2013)], as shown in Tab. 1. It is clear that our 
method is superior to the hierarchical clustering analysis method mentioned.  

5.2 Recommendation result evaluation 
In order to evaluate the effectiveness of the entropy-based cruising route recommendation 
(ECRR), the experimental results are compared with the typical Top-K recommendations, 
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and two different values, the ratio of travel time after carrying passengers and driving 
distance after carrying passengers, are used as the measure of recommended performance. 

 
Figure 2: The accuracy of passengers-finding points recommendation varies with 
detection radius 

Table 1: Comparison of spatial-temporal analysis with hierarchical clustering in 
literature [Yuan, Zheng, Zhang et al. (2013)] 

Method Radius of Buffer Precision 

MSRA 50 90.9% 

STA 50 98.7% 

The typical Top-K recommendation recommends the number of K passengers-finding 
points with the highest carrying passenger probability near the current location of the 
taxi. The ratio of driving distance after carrying passengers is the ratio of the driving 
distance after being carried to the passenger to the total running distance in the current 
time period. The ratio of travel time after carrying passengers is the ratio of the driving 
time after being carried to the passenger to the total running time in each period. Fig. 3 
and Fig. 4 respectively compare the ratios of the trip time and the trip distance after 
carrying passengers between the Top-K approach and our ECRR method. 
Fig. 3 shows that in the case of more demand for passengers during the day, the carrying-
passenger travel time ratio of this method is higher than the Top-K method. In the early 
morning when the demand for passengers is small, the recommended carrying-passenger 
travel time ratio of this paper is inferior to Top-K. Because for periods when demand for 
taxis is small. Because of to the taxi demand small time interval, Top-K gives a high 
probability of carrying passengers at the location, and relatively more opportunities for 
carrying passengers. However, this method needs to consider a number of influencing 
factors, and the road cost largely restricts the choice of these methods for these locations. 
Therefore, the recommended passengers-finding point is only the nearest optimal, rather 
than the overall optimal. 
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Fig. 4 shows that the distance of carrying passengers in this method is higher than that of 
Top-K method in any time period. The reason is that the method takes into account the 
cost of the journey, while the Top-K method only considers where it is easier to pick up 
passengers, even the distance between passengers-finding points at which it is 
recommended to stay is far away. Since the distance after carrying passengers usually 
indicates the actual payment of passengers, from the perspective of actual revenue, the 
performance of this method is better than Top-K recommendation, which can bring good 
benefits to drivers. 

 
Figure 3: A comparison on the ratios of the trip time after carrying passengers 

 
Figure 4:  A comparison on the ratios of the trip distance after carrying passengers 

6 Conclusions 
According to different measurement standards of finding passengers, different drivers 
with no-load taxis choose different destinations so that it leads to different incomes. So it 
is challenging issue to find out a more profitable passenger-finding route by taking into 
account multiple factors. Therefore, we propose an entropy-based model for 
recommendation of taxis’ cruising route. It applies information entropy to trade off 
manifold factors. And our approach is able to recommend an optimal cruising route for 
no-load taxi-drivers. By comparing the traditional Top-K recommendation algorithm, two 
different values of driving time and distance after carrying passengers are taken as the 
evaluation index of recommendation performance. Experimental results show that our 
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method can deal with the problem of taxi no-load after comprehensive consideration of 
various factors. 
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