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1 Introduction 
 

In Santiago’s public transport system, several users’ complaints are received daily. 

In 2016, 40% of the 28 thousand complaints received by the corresponding agency 

(DTPM) corresponded to buses non stopping at a bus stop even though there were 

passengers waiting for the bus. To avoid this undesirable behavior, a fine is issued 

to bus operators any time they incur in such a behavior. Nonetheless, from the legal 

point of view, users’ complaints are not enough to issue the fine. A fine is issued 

only when enforcement officers observe this behavior in situ. In 2015, a total of 

1200 inspections were performed, resulting in 138 fines issued. Compared to the 

more than 10 thousand complaints received that year (DTPM, 2016), the total 

number of fines is very low.  

 

GPS devices providing their location every 30 seconds are installed on every bus of 

the system. Unfortunately, this resolution is not enough to reconstruct the exact 

trajectory of each bus. To determine whether the bus stops or not from these GPS 

data is not straightforward and some processing needs to be done. 

 

The general goal of this work is to define a model able to identify non-stopping 

buses base on sporadic measurements of the bus location. The specific goals are the 

following: 

 To determine the performance of the kinematic-based model proposed in 

Bull and Herrera (2015) to identify non-stopping buses.  

 To investigate the use of a different approach to address the same problem. 

In particular, we proposed the use of two supervised learning methods to 

identify non-stopping buses, namely the Support Vector Machine (SVM) 

and the Linear Discriminant Analysis (LDA). 

 



 
 

 

2 Methodology 
 

The methodology consists in using real data to analyze the performance in 

identifying non-stopping buses of both the kinematic-based model (Bull and 

Herrera, 2015) and the supervised learning models. 

 

2.1 Data 

 

The data used in this study corresponds to data collected from Santiago’s public 

transport buses. In order to include observations with non-stopping buses, we first 

select a bus stop at which some of the lines have to stop and some other lines do not. 

For our purposes, buses from the latter are considered as non-stopping buses. The 

bus stop chosen is located on a segregated bus corridor. The total bus frequency at 

the bus stop is 120 buses/h. We observed two periods during the morning peak on 

two different days. The observation was performed using video camera at the bus 

stop to record all the buses passing by or stopping at the stop. A total of 371 buses 

were observed, 202 corresponding to non-stopping buses.  

 

Once the bus stop and the period of measurement were defined, the GPS data of the 

371 buses in the vicinity of the bus stop were requested. For each bus, the data 

provided correspond to its position every 30 seconds, instantaneous speed and a 

timestamp. Since the GPS data include the bus license plate number and line 

number, a matching with the data extracted from the videos is performed to add a 

stop/non-stop label to each GPS data sequence. 

 

2.2 Analysis of the kinematic-based model 

 

The model includes two parameters to be calibrated: the maximum speed (vmax) and 

acceleration/deceleration rate (𝑎). To calibrate these parameters, we collected data 

with our own GPS device, which provides its position (lat-long coordinates), 

instantaneous speed and timestamp every second. We board some buses and turn on 

the device to collect data as we travel. A total of five trips were made at different 

times of the day (morning/evening peak and off-peak) and in different days, totaling 

more than 10 thousand data points. Given the high temporal resolution of the data, 

the calibration of vmax and 𝑎 is possible.  

 

Since most of the instantaneous speed measurements are below 60 km/h (which is 

also the limit speed), a value vmax = 60 km/h was chosen. Acceleration and 

deceleration rates are computed based on the instantaneous speed provided every 

second. Based on this, we chose a value 𝑎 = 1 𝑚 𝑠2⁄ . 

 



 
 

 

Therefore, the performance of the model is tested using vmax = 60 km/h and 𝑎 = 1 

𝑚 𝑠2⁄ . The performance is measured in terms of the accuracy
1
, the False Positive 

Rate
2
 (FPR), and the False Negative Rate

3
 (FNR). 

 

To determine the influence of both parameters in the model’s performance, a 

sensitivity analysis is carried out. A total of six different values of vmax and five 

different values for a were tried. Additionally, we evaluate the sensitivity of the 

model to other two variables related to the bus stop: the length of the stopping area 

and the accuracy in the position of the stop. Three different lengths and three 

different locations of the station were tried.  

 

The performance is measured through the same three indicators mentioned in the 

previous sub section. 

 

2.3 Calibration and validation of supervised learning models 

 

For both models tried, the dataset is randomly divided into two subsets. The first 

subset considers 70% of the data (260 observations) and is used to train and 

calibrate the model. In this stage, the model learns from this data and looks for 

patterns. The second subset (111 observations) is used to validate and compare the 

models performance against each other. In this stage, the data is used to run the 

model in order to predict the class of each observation and to compute the same 

three performance indicators mentioned in Section 2.2.  

 

To develop the models, we first need to generate the predictive variables to 

characterize each observation. We generate nine predictive variables (see Table 1). 

The independent variable is a binary variable taking the value 0 if the bus actually 

stopped at the bus stop or 1 if it did not. 

 

We now have a 371x10 matrix, in which each row corresponds to one observation 

and each column corresponds to one predictive variable and the independent 

variable. The first 260 rows in this matrix correspond to the observations used in the 

training and calibration process. Cross validation is used in this stage. To define the 

model, we first consider all the nine predictive variables and then start removing one 

by one, considering all possible combinations. A penalty or cost associated to Type 

I and II Errors is also included in the objective function. Out of all possible 

combinations, we consider only those with a FPR less than or equal to the one 

                                                           
1
 This is the proportion of the total cases that were correctly classified. 

2 This corresponds to the Type I Error, and is defined as the proportion of the total number of 

stopping buses that were misclassified as non-stopping buses. 
3 This corresponds to the Type II Error, and is defined as the proportion of the total number of 

non-stopping buses that were misclassified as stopping buses. 



 
 

 

obtained with the kinematic-based model proposed by Bull and Herrera in the 

validation process. Out of those, we finally select the one with the highest accuracy. 

 
Table 1 Predictive variables used in supervised learning models 

 

Once the models are calibrated, the last 111 rows are used to predict and classify 

them. The results are presented in terms of the accuracy, the FPR, and the FNR. 

 

3 Results 

 

3.1 Kinematic-based model 

 

The results for the base case are shown in Table 2. Since the model differentiate the 

cases depending on the number of GPS logs in the stopping area (SA), it is 

interesting to analyze the results for each case individually. Table 3 presents these 

results. 

 
Table 2 Performance measures using the kinematic-based model 

INDICATOR VALUE 

Accuracy 85,98% 

FPR (Type I Error) 11,24% 

FNR (Type II Error) 16,34% 

 

In the three cases, the Type I Error is less than the Type II Error. This result 

confirms that the kinematic-based model is conservative, since it prefers to classify 

a guilty observation as innocent than to accuse and innocent. This was one condition 

to take into account when developing the model. 

 

Most of the non-stopping observations are in Case 1, and the model fails to classify 

8,3% of those observations. The model has problems identifying non-stopping buses 

VARIABLES DESCRIPTION 

Number of GPS logs Total number of GPS logs (≥ 2). 

Type This variable considers the number of GPS logs in the SA (see 

Figure 1). The values are 1, 2 or 3 depending if no GPS log, one 

GPS log or more than one GPS log is in the SA, respectively.  

v_initial Instantaneous speed of the first GPS log (before entering the SA). 

v_final Instantaneous speed of the last GPS log (after leaving the SA). 

distTotal Distance between the first and the last GPS logs (𝑋𝐷 − 𝑋𝑈). 

v_average Average speed between the first and the last GPS logs. 

v_stop Estimated speed in the SA. 

distdowns Distance between the last GPS log the downstream end of the SA. 

distups Distance between the first GPS log the upstream end of the SA. 



 
 

 

when there is one GPS log in the SA. This result suggests that the constraints in 

Case 2 are too restrictive. Making the constraints less restrictive would improve the 

FPR, but would worsen the FNR.  

 

Table 3 Number of observations and error for each case 

 NON-STOPPING BUSES STOPPING BUSES 

 Proportion of 

observations 
FNR 

Proportion of 

observations 
FPR 

Case 1: 0 GPS log 
89,11% 8,33% 53,85% 17,58% 

Case 2: 1 GPS log 
10,89% 81,82% 42,01% 4,23% 

Case 3:  2 GPS logs 0% 0% 4,14% 0% 

Total Type II Error 16,34% Type I Error 11,24% 

 

The sensitivity analysis performed suggests that the model is more sensitive to the 

acceleration/deceleration rate parameter than to the maximum speed parameter. This 

could be explained by the fact that this parameter is involved in most of the model’s 

constraints. Variables related to the bus stop itself, such as the length of the SA and 

the accuracy in its location, do not significantly affect the results. 

 

3.2 Supervised learning methods 

 

Table 4 shows the results when running the models with all the observations not 

used during the calibration process.  

 
Table 4 Performance measures for the SVM and LDA models – Classification 

INDICATOR SVM LDA 

Accuracy (%) 89,2 90,1 

FPR (%) 11,1 7,4 

FNR (%) 10,5 12,3 

 

In general, the behavior of both the SVM and LDA models are similar. 

Observations misclassified by the LDA model were also misclassified by the SVM. 

However, some misclassified observations in the SVM model were correctly 

classified by the LDA, yielding a lower FPR for the LDA model. 

 

Figure 1 shows the results for the three models using the same 111 observations. 

 

The accuracy of the three models is high and very similar, with an average value of 

89,5%. However, there are some differences regarding the FPR and FNR. The SVM 

model achieves the lowest FNR, with a difference respect to the other two models 

(whose FNR is almost the same) of almost 2 percentage points. The LDA model 



 
 

 

achieves the lowest FPR, and the difference with respect to the other two models 

(whose FPR is almost the same) is greater than for the FNR. This result could be 

explained by the higher penalty given in the LDA model to Type I Error than in the 

SVM model. 

 

Fig. 1 Performance measures for the three models using the same 111 observations 

 
 

 Depending on the performance measure used, the B&H model is outperformed by 

the SVM or LDA model. However, note that both the SVM and LDA models were 

calibrated and validated using data from the same bus stop, while the B&H model 

was calibrated with other data. This suggests that results from applying the B&H 

model to other situation should be similar to the results found here. The SVM and 

LDA results, however, are not directly extended to other situations. If other 

situations are to be considered, a new training and calibration process with more 

observations from the new situations are needed. 

 

We conclude that the three models are able to correctly identify non-stopping buses 

most of the time. The advantage of the kinematic-based model is that its two 

parameters are easily calibrated. Both the SVM model and the LDA model require a 

set of observations to train and calibrate the model. Their advantage, however, is 

their capability to adjust the Type I Error and Type II Error penalties.  
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