
 Abstract4Detecting abnormal GPS trajectories derived by

the mobility of people, cars, buses, and taxis plays a crucial role

in  developing  applications  for  intelligent  transportation  sys-

tems. Outlier detection based on classification models is among

promising approaches but it faces the imbalanced data prob-

lem, where instances labeled as abnormal have a very low num-

ber of  observations.  In this  paper,  we  propose  a framework

that  employs  methods  to  deal  with  imbalanced  data  to  the

problem of GPS trajectory outlier detection. Our experiments

show that  dealing with imbalanced data beforehand can im-

prove the performance of outlier detection models.
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I. INTRODUCTION

For the past few years, with the popularity of smart de-

vices with positioning technology like GPS (Global Position

System), more and more GPS trajectory data are collected

and available for analysis. Basically, trajectory datasets con-

tain sequences of time-stamped points, each of which con-

sists  of  latitude,  longitude  and  altitude  information.  Such

data represent space-time information for tracking moving

objects.  

Mining from GPS trajectory data plays an important role

to develop applications in intelligent transportation systems.

Among data mining tasks from GPS trajectory data, outlier

detection, which aims to identify abnormal moving behav-

iors,  has  received  considerable  attention  [1].  Due  to  the

characteristics  of  the GPS trajectory  data  and there  is  no

clear definition of trajectory anomaly, the outlier detection

task is facing many challenges. One direction to solve the

unclear  definition  of  trajectory  anomaly  is  to  allow users

specify which trajectories are abnormal. In this way, trajec-

tories or subsequences of trajectories are labeled as normal

or abnormal, and then the labeled datasets are used to train a

machine learning model. The biggest advantage of such an

approach is  that  the  machine  learning  models  capture the

same definition of trajectory anomaly as humans do. How-

ever, one drawback of this approach is that training datasets

may contain less abnormal instances than normal ones. This

leads to the problems of imbalanced data in machine learn-

ing. 
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The data set is Imbalanced when the majority label com-

ponent is much superior to the remaining label component

[2]. Using imbalanced data for training a machine learning

model poses a challenge since the model can bias towards

the majority class. This results in models that have inferior

predictive performance, especially for the minority class [3].

In the problem of GPS trajectory outlier detection, there is

more sensitive to classification errors for the abnormal in-

stances than the normal ones. 

To handle imbalanced data, several approaches have been

proposed, such as changing the performance metrics, modi-

fied the algorithms or the data. In this paper, we study sig-

nificant techniques for dealing with imbalanced data and ap-

ply them to GPS trajectory data. The results show that such

techniques  can  be  utilized  and  integrated  to  the  mining

process to improve the performance of the outlier detection

from GPS trajectory data.

II. BACKGROUND AND RELATED WORK

A. GPS trajectory data

This paper uses the following concepts to develop the is-

sue:

" GPS point: we represent a GPS point by a tuple

<id,  latitude,  longitude,  timestamp>,  where  id is

the  identifier  of  the  moving  object;  and  the  last

three  components  describe  the  position  and  the

timestamp of the moving object.

" GPS trajectory:  a series of GPS points that have

the same id component and the points are arranged

in time order.

" GPS dataset or GPS log: a set of GPS trajectories.

B. Outlier detection from GPS trajectory data as 

classification problem

In this paper, we focus on approaches to the problem of

outlier detection from GPS data that are based on classifica-

tion  methods.  In  this  way,  sub-trajectories  are  labeled  as

normal  or  abnormal  in  some way,  for  example  a manual

method or using histogram-based approaches. We describe

the framework in detail in Section III.    

Dealing with Imbalanced Data for GPS Trajectory Outlier Detection

Nguyen Van Chien
Faculty of Information

Technology 

Ho Chi Minh City University of

Transport

Ho Chi Minh City, Vietnam

chiennguyensrdn@gmail.com

Van-Hau Nguyen
Faculty of Information

Technology

Hung Yen University of

Technology and Education 

Hung Yen, Vietnam

haunv@utehy.edu.vn

Le Van Quoc Anh1

Faculty of Information

Technology

Ho Chi Minh City University of

Transport

Ho Chi Minh City, Vietnam

anh@ut.edu.vn

Proceedings of the Seventh International Conference on Research

in Intelligent and Computing in Engineering pp. 69–74

DOI: 10.15439/2022R10

ISSN 2300-5963 ACSIS, Vol. 33

©PTI 2022 69



Since the above approach depends on manually labeling,

the number of instances labeled as abnormal has a very low

number of observations in comparison with the number of

instances labeled as normal. Therefore, we need to handle

imbalanced data in this case.

C.Handling Imbalanced data

Resampling methods in disequilibrium learning applica-

tions alter the data set with mechanisms and techniques for a

more  balanced  distribution  [2].  Basic  classification  algo-

rithms have better  performance on  balanced  data  sets,  as

mentioned in previous studies [3],[4].

Figure 2. The original data classification model confusion matrix

(SVM).

Figure 2 shows that  the prediction rate of  the majority

class is very high, but the minority class is very low. There-

fore, even distribution between classes is very important for

classification algorithms.

Sampling Methods for Imbalanced Learning

ï Tomek Links(T-Link)

Tomek links is a data cleaning technique to remove over-

lapping, noise applied from sampling methods.

x  * Smaj , y  * Smin
d(x,y) distance between x and y

If  there  is  no  instance  k,  such  that  d(x,y)<d(x,k)  or

d(x,y)< d(y,k):

        (x, y) is a T-Link

Else:

       x or y is nosie or x and y is near border

So use Tmoke Link to  "cleanup" unwanted noisy data,

discarding until all the closest neighbor pairs that are far-

thest  apart  belong  to  a  class.  The removal  of  noisy  data

makes the classifier better and improves the performance of

the system. 

ï Synthetic  Minority  Oversampling  Technique

(SMOTE)

SMOTE is an progressive technique of over-sampling de-

veloped by Chawala. Procedure consists of steps [2]:

ï For each sampler X 0  in minority class:

3 Pick one of its K nearest neighbors X þ  minority class

3 Create Z is  a new sampler, as follows: 

Z=X0+w(X2X0)                               (1)

where w  is Random Uniform range [0, 1].

(1) => Z is a random point on the line with equation:

X
0
+w (X2X0 )=0

The samples synthesized according to (1) is a point on the

line connecting X 0under consideration and K-nearest is ran-

domly selected X.

ï Adaptive Synthetic Sampling (ADASYN)

ADASYN, on the different hand, uses a systematic proce-

dure to adaptively create extra pieces of synthetic data ac-

cording to their allotments. The algorithm is described in de-

tail  [5]. The main concept of the ADASYN algorithm is to

use density distribution as a measure to automatically decide

how many aggregate samples need to be developed for each

minority example by adaptively modifying the weights of

the examples different minority examples to compensate for

the unequal distribution[6].

ï Random Oversampling and Undersampling

One of  the  familiar  approaches  was  to  use  resampling

techniques to construct the dataset balanced. Oversampling

or oversampling can be applied to the resampling of the data

set. Reducing the number of elements in the data set is the

idea of undersampling. The process of oversampling is the

multiplication of minority cases by duplicating or repeating

some cases.  [7].

Figure 3. Differences between undersampling and oversampling

ï SVM-SMOTE (SVMs)

A variant of the SMOTE algorithm which uses an SVM

algorithm to detect samples to use for developing new syn-

thetic samples as presented in [8]. SVM uses the concepts of

support  vector,  maximize  soft-margin,  and  hyperplane  to

classify between data samples, to improve performance, re-

duce classification errors during data resampling   [9].
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III. PROPOSED FRAMEWORK

In this section, we describe our framework for detecting

sub-trajectories  with  anomalous  motion  behavior.  The

framework consists of four steps. 

The first step is a processing step that extracts trajectories

by time frame. The second step is a feature extraction. We

derive objects in the form of a tuple <s,m,d,t,l,v> when s is

the start point, m is a midpoint, d is the destination point, t is

the timestamp, l is the distance length, and v is the velocity.

Each object is labeled as normal or abnormal by humans or

by an automatic method like histogram-based method as de-

scribed in [10].  

Figure 1. Framework to detect abnormal movement behavior

The third step applies techniques to deal with imbalanced

data. Finally, in the last step, one can apply any classifica-

tion algorithm to classify the objects as abnormal or not.

IV. EXPERIMENTAL RESULTS

D.Dataset Description and Experimental Setup

We use two data sources to demonstrate our proposed ap-

proach. The first dataset is provided by the OTS transport

service monitoring company. Itinerary data is exploited on

Ho  Chi  Minh  City  routes.  The  dataset  has  411  vehicles,

mined from June 01, 2015, to June 07, 2015. This dataset is

the same as the dataset using in [10],[11].

The second dataset is provided by Kaggle website. This

data is exploited on Beijing routes. The dataset has 10,357

taxis, mined from June 01, 2015, to June 07, 2015. The total

number of points in this dataset is about 15 million and the

total distance of the trajectories reaches to 9 million kilome-

ters. Figure 4 demonstrates the format of the GPS Log of the

data  in  Ho Chi  City,  where each  record  represent  a  GPS

point in a trajectory. 

Figure 4. GPS Log collected from a vehicle tracking device

E. Results

We give an example of  an oversampling technique.  Its

main goal is class balance, by random repetition of minority

samples.

Figure 5. Data before and after resampling (oversampling)

Figure 5 shows how the class target is distributed after using

this method on our dataset and it equals to 7,005.

However, this technique has two limitations. First, it will

rise the probability of over-fitting, as it creates the same re-

productions of the minority class instances  [2]. Second, it

makes the learning process take longer if the initial data set

is very large, but balanced.

In this paper, we only give the imbalance handling solu-

tions in order to show that  it  will  achieve better minority

class recognition performance. The need for preprocessing,

resampling data is very important for the problem of data

imbalance in machine learning.

The performance of the model is evaluated using mea-

sures such as Weighted accuracy, F-scoere, G-means. The

following is a summary of each measure:

Sensitivity :TheTrue Positive rate(TP)=
TP

TP+FN

Specificity :TheTrue Negative rate (TN )=
TN

FP+TN
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G2mean=:Sensitivity7Specificity
Weighted accuracy=0.57(Sensitivity+Specificity)

Precíion=
TP

TP+FP
; Recall=

TP

TP+FN

F2Score=2
Precíion7Recall
Precíion+Recall

F. GPS route data Ho Chi Minh City-Viet Nam

For real  datasets,  we obtain GPS Log from a company

providing  vehicle  tracking  services,  called  OTS.  Itinerary

data is exploited on Ho Chi Minh City routes. The dataset

has 411 vehicles,  mined from June 01, 2015, to June 07,

2015 [10].

TABLE I. PERFORMANCE MEASURES G-MEAN, F-SCORE, WEIGHTED ACCURACY

(ALGORITHM SVM).

SVM Weighted 

accuracy

F-score G-mean

Original 0.5 0.0 0.0

T-Link 0.5 0.0 0.0

SMOTE 0.6325 0.0507 0.1620

SMOTE/T-

Link

0.6351 0.0515 0.1632

Over-

Sampling

0.6390 0.0545 0.1683

Over/T-Link 0.6646 0.0587 0.1748

ADASYN 0.6328 0.0508 0.1621

SVMSMOTE 0.5865 0.0687 0.1968

TABLE II. PERFORMANCE MEASURES G-MEAN, F-SCORE, WEIGHTED

ACCURACY (ALGORITHM LOGISTIC REGRESSION ).

LR Weighted 

accuracy

F-score G-mean

Original 0.5 0.0 0.0

T-Link 0.5 0.0 0.0

SMOTE 0.5526 0.0355 0.1343

SMOTE/T-

Link

0.5523 0.0355 0.1343

Over-

Sampling

0.5261 0.0324 0.1284

Over/T-Link 0.5399 0.0340 0.1315

ADASYN 0.5370 0.0337 0.1308

SVMSMOTE 0.5192 0.0351 0.1390

TABLE III. PERFORMANCE MEASURES G-MEAN, F-SCORE, WEIGHTED

ACCURACY (ALGORITHM  RANDOM FOREST)

RF Weighted 

accuracy

F-score G-mean

Original 0.5 0.0 0.0

T-Link 0.5 0.0 0.0

SMOTE 0.6670 0.1032 0.2404

SMOTE/T-

Link

0.6523 0.0958 0.2315

Over-

Sampling

0.5274 0.1000 0.7020

Over/T-Link 0.5132 0.0500 0.4963

ADASYN 0.6504 0.0932 0.2279

SVMSMOTE 0.5558 0.0952 0.2674

Summary of results when applying data resampling tech-

niques  when  applied  to  different  data  classification  algo-

rithms:
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Figure 6. Weighted accuracy of various Machine learning algorithms

using various sampling techniques
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Figure 7. F-score of various Machine learning algorithms using various

sampling techniques
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Figure 8. G-mean of various Machine learning algorithms using various

sampling techniques

The  results  show  that  when  applying  data  resampling

techniques,  such  as  minority  reinforcement  sampling,  the

majority group reduction, the model predicts better than the

minority  group  on  all  the  classification  algorithms  being

studied. However,  even though the prediction accuracy of
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the majority class was slightly reduced. But the indicators of

sensitivity and accuracy of the model such as Weighted Ac-

curacy,  G-mean,  F-score  have  changed  markedly  Table  I

Table II Table III. Achieving the original purpose of the arti-

cle detected unusual journeys.

SVM:  G-means  F-score  and  Weighted  accuracy  the  best

results with SVM-SMOTE resampling technique of 19.68%,

6.87%, and 58.65%, respectively. 

LR:  G-means  the  best  results  with  SVM-SMOTE

resampling  technique  of  13.9%.  F-score  and  Weighted-

accuracy the best results with SMOTE resampling technique

of 3.55%, 55.26% respectively.

RF:  G-means  the  best  results  with  Over-Sampling

resampling  technique  of  70.2%.  F-score  and  Weighted-

accuracy the best  results with SMOTE/T-Link resampling

technique of 9.58%, 65.23% respectively.

In each different classification algorithm, there will be data

resampling techniques suitable for each algorithm.

G.GPS route data Shanghai-China

We have used  the  dataset  provided  by  the  competition

from  Kaggle  website.  This  data  is  exploited  on  Beijing

routes. The dataset has 10,357 taxis, mined from June 01,

2015, to June 07, 2015. 

TABLE IV. PERFORMANCE MEASURES G-MEAN, F-SCORE, WEIGHTED

ACCURACY (ALGORITHM SVM)

SVM Weighted 

accuracy

F-score G-mean

Original 0.5 0.0 0.0

T-Link 0.5 0.0 0.0

SMOTE 0.5709 0.0320 0.1276

SMOTE/T-

Link

0.5683 0.0316 0.1269

Over-

Sampling

0.6042 0.0336 0.1307

Over/T-Link 0.5746 0.0313 0.1261

ADASYN 0.5219 0.0266 0.1162

SVMSMOTE 0.107 0.0259 0.1161

TABLE V. PERFORMANCE MEASURES G-MEAN, F-SCORE, WEIGHTED

ACCURACY (ALGORITHMS LOGISTIC REGRESSION )

LR Weighted 

accuracy

F-score G-mean

Original 0.5 0.0 0.0

T-Link 0.5 0.0 0.0

SMOTE 0.6574 0.0389 0.1408

SMOTE/T-

Link

0.6553 0.0386 0.1403

Over-

Sampling

0.6596 0.0373 0.1378

Over/T-Link 0.6733 0.0413 0.1345

ADASYN 0.6490 0.0377 0.1386

SVMSMOTE 0.4505 0.0 0.0

TABLE VI. PERFORMANCE MEASURES G-MEAN, F-SCORE, WEIGHTED

ACCURACY ( ALGORITHMS   RANDOM FOREST).

RF Weighted 

accuracy

F-score G-mean

Original 0.5 0.0 0.0

T-Link 0.5 0.0 0.0

SMOTE 0.5655 0.0469 0.1600

SMOTE/T-

Link

0.6351 0.0515 0.1632

Over-

Sampling

0.4989 0.0 0.0

Over/T-Link 0.500 0.0 0.0

ADASYN 0.5634 0.0455 0.1573

SVMSMOTE 0.4847 0.0 0.0

Summary of results when applying data resampling tech-

niques  when  applied  to  different  data  classification  algo-

rithms:
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Figure 9.  Weighted accuracy of various Machine learning algorithms

using various sampling techniques

Figure 10. F-score of various Machine learning algorithms using vari-

ous sampling techniques.
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Figure 11 G-mean of various Machine learning algorithms using vari-

ous sampling techniques

SVM:  G-means  F-score  and  Weighted  accuracy  the  best

results with SMOTE resampling technique of 12.76%, 3.2%,

and 57.09%, respectively. 

LR: G-means, F-score and Weighted accuracy achieved the

best  results  with  Over/T-Link  resampling  technique  of

13.45%, 4.13%, and 67.33%, respectively. 

RF:  G-means  the  best  results  with  SMOTE/T-Link

resampling  technique  of  16.32%.  F-score  and  Weighted-

accuracy the best results with SMOTE resampling technique

of 5.15%, 65.51% respectively.

Summary: Figure (6-11) We grouped by model evaluation

techniques, for each resampling technique for each machine

learning  algorithm,  to  show  that  applying  resampling

techniques  achieves  results  high  when  predicting  the

minority class.

Table (I-IV): G-mean, F-score all algorithms that do not

apply resampling have the value 0, because the prediction of

the minority cases is incorrect.

Weighted  accuracy  also shows that  performance is  im-

proved when resampling techniques are applied, the results

are show in Table (I-IV) and Figure (6-11).

Looking  at  (Table  I-IV),  our  data  showed  that  using

SMOTE and T-Link as a combined sampling method has a

better  performance than T-Link sampling and the original

data.

V. CONCLUTIONS AND FUTURE WORK

In this paper, we solve imbalanced data problems in GPS

outlier detection and prove that it will achieve better perfor-

mance for overall process. The need for preprocessing, and

resampling data is very important for the problem of data

imbalance in machine learning.  We demonstrate the effec-

tiveness with real datasets, i.e., GPS logs from vehicle track-

ing services. We apply resampling techniques to the classifi-

cation models and compare them with the original (unbal-

anced) data set. We find that the application of resampling

techniques achieves better results for minority class predic-

tion. For future work, we are planning to apply deep learn-

ing techniques,  learn the optimal threshold of data resam-

pling to deal with class imbalance to improve the predictive

model.
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