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Public transit is one of the first things that come to mind when someone talks about “smart cities.” As a
result, many technologies, applications, and infrastructure have already been deployed to bring the promise
of the smart city to public transportation. Most of these have focused on answering the question, “When
will my bus arrive?”; little has been done to answer the question, “How full will my next bus be?” which
also dramatically affects commuters’ quality of life. In this article, we consider the bus fullness problem.
In particular, we propose two different formulations of the problem, develop multiple predictive models, and
evaluate their accuracy using data from the Pittsburgh region. Our predictive models consistently outperform
the baselines (by up to 8 times).
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1 INTRODUCTION

The rapid growth of urbanization during the past decades is necessitating increased efficiency in
city operations. This is manifesting as sensing technologies for data collection, advanced models
and algorithms, and relevant data dissemination to city dwellers, whose lives these big data and
technologies are ultimately trying to improve [1, 3, 12, 42]. Collectively these techniques are often
referred to as “smart city” technologies.

A textbook example domain for a smart city technology is that of public transportation. Every-
body who lives in a city would wish for public transportation to be “better.” Problems such as bus
delays, crowded buses, and general lack of public transportation options, especially during rush
hours, make commuters dissatisfied and unhappy about the city’s public services.

A plethora of technologies, applications, and infrastructure have been deployed already to bring
the promise of the smart city to public transportation. These include GPS tracking of buses to
reliably predict their arrival times, the standardization of transit schedule data [15], and mobile
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applications (e.g., Transit App [39] and MoovIT [25]) to make such transit information available
in real-time to commuters.

Although a lot of work has been done towards figuring out the answer to the question, “When
will my bus arrive?,” little has been done to answer the question, “How full will my next bus be?,”
which also dramatically affects the commuters’ quality of life. This is exactly the focus of this
work.

1.1 Problem Statement

To effectively answer the “How full will my next bus be?” question, we take a multipronged ap-
proach. First, we explore two different formulations of the problem. Second, we develop predictive
models for the different problem formulations. Third, we evaluate the performance of the different
techniques using real data. Last, we consider the real-life applicability of the proposed problem
formulations and predictive models.

When one considers the “How full will my next bus be?” question, there are two possible types
of answers:

(i) aspecific number of people currently in the bus, which can be used to determine the number
of seats/spots that would be available; we refer to this as bus load, or
(ii) a “fullness” level that provides an approximate degree of how crowded the bus will be; we
refer to this as bus crowding level.

These give us the following formulation to the fullness problem:

Predict the bus load or the bus crowding level for a certain route arriving to a specific
bus stop within a given 15-minute time interval,

where a bus route is defined as a set of stops with a starting point, an end point, and a direction
(inbound or outbound). Note that this formulation does not restrict the input variables for the
prediction techniques; we can use additional features such as weather data, historical information,
and so on.

Clearly, the two problem formulations require different techniques for prediction (e.g., regres-
sion for bus load and classification for bus crowding levels) and different metrics for measuring
performance. However, both problem formulations can lead to predictions that can help travelers
make more informed decisions about which bus to take, while considering the quality of their trip
instead of just the time.

We are investigating this exact trade-off as part of the PittSmartLiving project. In particular, we
plan to design, develop, deploy, and evaluate a platform that will integrate information from and
align the incentives of all involved stakeholders (commuters, mobility providers, and local busi-
nesses) towards increasing the utilization and quality of public transportation [33]. For example,
while waiting at the bus stop, a commuter will receive a push notification alerting them to the next
bus being full. In addition, they may also receive a discount towards coffee/tea at the coffee shop
around the corner (say, $2 off), if they would take a later bus. This would alleviate bus crowding
and make everybody’s bus ride a more pleasant experience.

1.2 Our Contributions

This work makes the following contributions:

(1) We frame the “How full will my next bus be?” question as two different prediction prob-
lems: bus load prediction and bus crowding level prediction.
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(2) We formulate the bus load and bus crowding level prediction problems as intuitive regres-
sion and classification problems, respectively, and develop appropriate models for predic-
tion (Section 3 and Section 4).

(3) We explain the extensive data preparation strategies employed over the real-world data
received from the Port Authority of Allegheny County (Section 5).

(4) We perform experimental evaluation using real-world data and compare our proposed
models to baseline models (Section 6 and Section 7). Although our analysis used data for
the Pittsburgh area, our techniques are trivially generalizable to other areas.

2 RELATED WORK

The reliability of the public transportation system, in particular with regards to travel time and
available space, greatly affects commuters’ quality of life in urban travel [36]. Many research works
have proposed techniques to predict bus arrival times, optimize planning, and design customized
bus (CB) systems that can provide more efficient transit services [5, 6, 11, 28-30, 37]. However, only
afew previous studies have focused on predicting the space availability as a transit reliability issue.
Some works, such as References [40, 41, 46], have studied forecasting passenger flow in the whole
urban public transit system by integrating regression analysis with time-series, neural networks,
and SVM, respectively. However, former research such as Reference [35] and recent ones including
Reference [24] focused on finding optimal bus capacity. Utilizing bus smart card data and GPS data
is another method that has been proposed by References [43, 45]. Zhang Jun et al. [45] predicts
the passenger flow in real time by finding the flow pattern based on the Extended Kalman Filter
model.

Among the works about forecasting bus passenger occupancy, Gayah et al. [19] has the most
resemblance to our research. They have developed regression models to predict the real-time pas-
senger occupancy for each bus-stop. However, their work is limited to only one bus route with
15 stops serving the Pennsylvania State University (PSU) University Park campus. We believe that
the characteristics of each bus route and stop can be very different from other bus routes and stops.
Therefore, one predictive model cannot be applicable for all the routes at all stops. As a point of
reference, the network of the Port Authority of Allegheny County, serving the Pittsburgh Area,
has almost 200 routes and 7K bus stops.’

A just-released feature of Google Maps is claimed to predict how full the bus will be for 200 cities
world-wide [21, 22]. They rely on crowdsourced data along the lines of the Tiramisu project [38]
from a few years ago. Although the Google Maps problem formulation is close to one of the two
we consider in this work, their techniques suffer from a well-known sample bias. Their data are
providing good coverage only where there are a lot of smartphone users (that also utilize Google
Maps in their commutes). This can trivially lead to over- or under-reporting, as has been the case
with other smart city projects in the past [14].

To the best of our knowledge, there is no other work that considers the bus crowding level
problem using real passenger count data (instead of crowdsourced “experience” data). We believe
utilizing bus crowding levels to be a more intuitive way of sharing information with travelers
(instead of bus load or passenger occupancy counts). Because public transit is inherently human-
facing, utilizing predictive models that are intuitive is of paramount importance. At the same time,
we believe using just crowdsourced data is not a reliable or equitable approach to predicting bus
crowding levels.

Finally, to the best of our knowledge, there is no other work evaluating different formulations
of (and solutions to) the bus fullness question.

Thttps://www.portauthority.org/inside-Port- Authority/Transparency/system-data-and-statistics/.
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Table 1. Bus Crowding Levels

Level | Description Condition
CL1 | many seats available Load Factor <0.5
CL2 | afew seats available 0.5 <= Load Factor <0.8
CL3 | afew people standing | 0.8 <= Load Factor <1.1
CL4 | many people standing | 1.1 <= Load Factor <1.4
CL5 | crushed Load Factor >= 1.4

3 MODELING FRAMEWORK

To construct our modeling framework, we utilize the typical workflow that can be used to solve
any machine learning problem as described in Reference [18]. This process consists of seven steps,
as follows:

(1) Defining the problem and assembling a dataset: Sections 1.1 and 5.1

(2) Choosing a measure of success: Section 6.1

(3) Deciding on an evaluation protocol: Section 3.4

(4) Preparing your data: Sections 3.2, 5.2, and 5.3

(5) Developing a model that does better than a baseline: Sections 4.1, 7.1, and 7.2
(6) Developing a model that overfits: Sections 4.2 and 7.3 to 7.12

(7) Regularizing your model and tuning your hyperparameters: Section 4.2

In this section, we also explain the details of our formulation for bus crowding levels, as well as
the different variables to be used.

3.1 Definitions (Table 1)

As mentioned in the previous section, we consider two formulations of the bus fullness
problem:

(i) prediction of bus load, i.e., number of passengers in the bus, or
(ii) prediction of bus crowding level, i.e., a characterization of how full the bus is.

Zheng Li et al. [27] have reviewed the specifications of crowding measures in public transporta-
tion in different countries. As stated in their research, many US transit authorities utilize Load
Factor (as the number of passengers divided by the number of seats) to evaluate in-vehicle crowd-
ing. Accordingly, we define the Load Factor of bus; as the ratio of the number of current passengers
on that bus to its maximum seating capacity, i.e.,

number of current passengers on bus;
LoadFactor; = - f - P .g = (1)
maximum seating capacity of bus;

Given the above definition, a Load Factor value of 1.0 means that there are as many passengers
in the bus as seats, whereas a value of 1.2 means that there are 20% more passengers in the bus
than seats.? The Transit Capacity and Quality of Service Manual [2] from the Federal Transit
Administration defines the thresholds for the level of service with respect to the load factor (e.g.,
load factor > 1.5 represents the crush loading level). In this work, we define our own five crowding
levels (explained in Table 1), which were developed after many discussions with the Port Authority
of Allegheny County. We used 1.4 load factor as the threshold for over-capacity (CL5), because this

21t is worth noting that modern automatic passenger counting systems cannot determine how many people are seated
versus how many people are standing, just how many people entered or exited the bus.
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Table 2. Descriptions of the Independent Variables Used in Our Models

Variable Description
TOD 96 variables for time of the day (each 15-min time-interval).
DOW 5 variables for day of the week (only weekdays).
MOY 12 variables for month of the year.
BusType one variable (if the bus is single or double, i.e., articulating).
Temperature | one variable for average temperature per hour.
Rainfall one variable for average rainfall per hour.
Snowfall one variable for average snowfall per hour.
PLoad 10 variables for bus loads in the 10 previous stops.
PLoad1 is the bus stop immediately before the one we are predicting for.
Stop N variables for stops.
N is the number of stops for a route in one direction.
Stop variables are only used in models with route-direction data inputs.

Table 3. Feature Sets to Be Used in Models. The last row is only used
for models with route-direction input data.
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is an industry best practice and something the Port Authority is using in its own reporting. The
other levels are determined based on the seating and standing availability where all passengers
can sit (CL1 and CL2) or some/many passengers need to stand (CL3 and CL4).

3.2 Feature Selection (Table 2 and Table 3)

We have carefully considered all possible input features (independent variables) that can impact
bus fullness to include in our models. These context-specific features include time of the day (TOD),
day of the week (DOW), month of the year (MOW), bus type (reflecting if the bus is articulating
(i.e., double) or not), and weather conditions (i.e., temperature, rainfall, snowfall). We have also
considered the bus load in the previous stops, as measured by automated passenger counters, as-
suming such signals would be “live.” Some of the features are categorical, which were converted to
dummy variables and some are numerical. Descriptions of the independent variables® are provided
in Table 2.

3The number of dummy variables for each categorical feature is later reduced by one in order to be used in the models.
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Table 4. Selected Route-stop Pairs for Modeling

Cluster Route Stop Name

CL1 61B  FIFTH AVE AT BIGELOW BLVD
71D FIFTH AVE AT THACKERAY AVE

CL2 12 ANDERSON ST AT GENERAL ROBINSON

56 GREENFIELD AVE AT IRVINE ST

CL3 Y1 E CARSON ST OPP STATION SQUARE STATION
28X LIBERTY AVE AT GATEWAY 4

CL4 P1 EAST BUSWAY AT NEGLEY STATION A
G31  WEST BUSWAY AT INGRAM STATION C

CLs P1 EAST BUSWAY AT NEGLEY STATION C
61C  FORBES AVE AT BEELER ST

As part of our evaluation of the different models, we want to have a broader perspective of the
performance of the models in connection to the different sets of features chosen. Towards this,
we defined nine combinations of features (Feature Set 1,..., Feature Set 9) to identify which ones
perform best in our evaluation. These sets and their selected features are represented in Table 3.

3.3 Route Sampling (Table 4)

There are close to 100 different routes on two different directions (inbound and outbound) per route
and about 7K stops in Pittsburgh’s bus transit system. To conduct simpler experiments before run-
ning the proposed models for all the routes in Pittsburgh, we define and apply a clustering method
for partitioning routes and then select the top two routes from each cluster as representatives of
all routes in that cluster.

To identify representative routes, we partitioned routes in the dataset using their “most com-
mon” crowding levels. That gave us five different clusters of routes that can be defined as follows
(using the same names as each corresponding crowding level):

CL; : routes in cluster; whose most common crowding level is CL;, where i € {1,2,3,4,5}. For
each of the five CL; clusters, we selected the top two routes, which have the highest number of
records, after normalizing by the number of stops to account for differences in the number of stops
among routes. These routes include 61B, 71D, 12, 56, Y1, 28X, P1 (which appears in two clusters),
G31, and 61C.

For some of our proposed models, we build a model for each route at a particular stop, which
is why we also need to specify one stop for each selected route. You can see the list of selected
routes-stops in Table 4.

3.4 Training and Testing Phase

The primary goal in a machine learning process is basically creating a model to make prediction
using the test data. Therefore, we use a subset of the available data as the training set to fit the
model and the remaining data as the testing set to test it. The generated models predict the re-
sults using unknown data that are named as the test set. In our experimental setup, we randomly
selected 80% of each preprocessed and transformed dataset to be used as our training data. The
remaining 20% of each dataset was used as test data for evaluation. This split is done using the
Python Scikit-Learn library and specifically the train_test_split() method. More information about
the data preparation procedures and the challenges we faced are discussed in Section 5.

ACM/IMS Transactions on Data Science, Vol. 1, No. 3, Article 23. Publication date: September 2020.



Data-driven Bus Crowding Prediction Models Using Context-specific Features 23:7

Table 5. Sections Related to Proposed Models

Data Inputs L
Models route-stop | route-direction
Regression 4.1 (a) 4.1 (b)
Classification 4.2 (a) 4.2 (b)
Baseline 4.3 (a) 4.3 (b)

4 PROPOSED MODELS

In this section, we introduce our proposed models plus the baseline models that we used for our
evaluation. Our goal is to predict bus load and bus crowding levels; towards this, we employ two
types of machine learning models including Regression and Classification with two different types
of data inputs, namely, route-stop and route-direction (see Table 5).

Having predictive models for each route-stop pair was our very first approach, which resulted
in good accuracy but with the price of building plenty of models (~12K). We then came up with
a new approach to reduce the total number of predictive models while improving their accuracy.
In the new approach, we build a model for each route in each direction (inbound and outbound)
while adding the route’s stops as new independent variables to the existing ones. In addition to the
number of predictive models decreasing from near 12K to less than 200, we also found that the
accuracy of the models increases based on our experiments.

Furthermore, after running different experiments (see Section 7), we decided to build predic-
tive models for all the routes using classification with the route-direction approach. Although the
obtained results from the regression models completely correspond with the results from the clas-
sification models, we choose the latter, which is more understandable for the real-world. We firmly
believe that getting a descriptive “crowding level,” as we propose in this work, is much more intu-
itive than a “number of seats remaining” count, especially since the number of seats is often less
than the total number of people in the bus.

4.1 Regression Models

Our first problem formulation is to predict the bus load, i.e., the number of passengers on a bus. In
the modeling framework for this problem, the dependent variable of interest is a numerical count.
As such, we need to rely on Regression Models with Count Data. There are several count data
models, among which the Poisson, Negative Binomial, and Zero-inflated are the most popular.
The Poisson regression model often fits the data poorly, because it assumes that the conditional
variance of the dependent variable is equal to the conditional mean while in most count datasets,
the conditional variance is greater than the conditional mean [9]. A Zero-inflated model should be
considered when analyzing a dataset with an excessive number of outcome zeros and two possible
processes that arrive at a zero outcome [17]. This case also does not apply on our data, because we
do not have an excessive number of zeros in load due to different processes. Therefore, it seems that
fitting a conventional Negative Binomial Regression Model is an appropriate predictive model
for our data. As mentioned, we build our models with two different data inputs as follows:

(a) Route-stop: In this approach, we have a separate dataset for each route at each stop, fit
each Negative Binomial model with its relevant training data, and then predict the load for
each data record in the relevant test set.

(b) Route-direction: In this approach, we filter out data for each route in each direction
(inbound and outbound) from the main dataset and use the relevant stops as independent
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variables in each Negative Binomial model. After fitting each model with its relevant
training dataset, we can predict loads using its test set.

4.2 Classification Models

As described earlier, we view predicting bus crowding levels to be a multinomial classification
problem. Given the set of independent variables we have, we employed Logistic Regression, Ar-
tificial Neural Network, and Random Forest algorithms. Thus, for each dataset, we fitted a
separate classifier using the relevant training set and then predicted the crowding level using the
test set. Most of our experimental evaluations utilize Random Forest classifier, because it pro-
duces more accurate predictions, limits over-fitting, and therefore yields more useful results [8].
However, for completeness, we also report results with Logistic Regression and Artificial Neural
Network in Sections 7.3 and 7.4.
The following are the two data inputs used for classification models:

(a) Route-stop: In this approach, we have a separate dataset for each route-stop pair, fit each
classification model with its relevant training data, and then predict the crowding level for
each data record in the relevant test set.

(b) Route-direction: In this approach, we filter out data for each route in each direction from
the main dataset and then use the relevant stops as independent variables in each classifier.
After fitting each model with its relevant training dataset, we can predict crowding levels
using its test set.

Hyperparameter Tuning

Logistic Regression: The Logistic Regression class in Python offers two regularization schemes
(L1 and L2) and four optimizers: newton-cg, lbfgs, liblinear, and sag [26]. Among these, newton-cg
with L2 regularization produced models with higher prediction accuracy.

Neural Network: The first step before building a neural network is to normalize the data and
change the values of features to a common scale (using StandardScaler or MinMaxScaler in
Python). The next step is to build the neural network using a tool such as Keras, which is a high-
level framework based on Tensorflow [16]. We also need to specify the number of hidden layers
and their size (number of neurons), the input and output size. In our case, the number of output
neurons is fixed for all datasets and is equal to the number of crowding levels. The number of
input neurons, however, varies from one dataset to another, because the number of features varies
depending on the route or data input. We add one hidden layer to each network (adding more
layers did not improve the models) that consists of different number of neurons, depending on
the dataset. There are some empirically derived rules-of-thumb to determine the optimal size of
the hidden layer. Heaton et al. [23] introduces a few of these, such as the following equation that
works the best for our case:

N Ns

R W) Y

where Nj is the number of input neurons, N, is the number of output neurons, N; is the number
of samples in training dataset, and « is an arbitrary scaling factor usually between 2 and 10.
Since there are more hyperparameters involved in the Keras framework, we use a grid search
technique to find their best values. We achieved the best results with a batch size = 64, epochs = 100,
dropout rate = 0.5, and an Adam optimizer while training a Sequential model in Keras. Thus, we
use these tuned values in all neural networks and then fit and evaluate each model after randomly
selecting an 80-20 split for the training-validation sets and an 80-20 split for the training-test sets.
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It is noteworthy that we use “softmax” as the activation function and “categorical crossentropy”
as the loss, since we are dealing with multinomial classification.

Random Forest: To reach the highest accuracy in Random Forest classifiers, we conducted a grid
search on three desired hyperparameters, including the number of trees in the forest, the function
to measure the quality of a split, and the maximum depth of the tree. The optimized values for the
first two hyperparameters obtained by the grid search were 500 trees and “entropy,” respectively,
while the optimized value for the third hyperparameter was the same as the default value of this
parameter in the Python Scikit-learn’s Random Forest classifier [26].

4.3 Baselines

We need different baselines corresponding to the introduced models. The simplest model that we
can propose as a baseline to be compared with a regression model is a model that includes average
loads of a route at a specific stop/direction within a 15-minute time interval. However, for having
a comparison with a classification model, we also need to assign a crowding level to each route
at a specific stop/direction within a 15-minute time interval that can be computed using the load
factor. Our baseline models are listed as below:

(a) Route-stop: In these baselines, we obtain the average load and crowding level for every
route at each related stop for every 15-minute interval of a day. To have a better perception
of this type of baseline, we present an example here. Figure 1 illustrates the average load,
obtained from the baseline, for 61C, which is one of the busiest routes in Pittsburgh. In
this heatmap, the x-axis represents 61C’s stops in geographical order only in one direction
(inbound, i.e., to downtown), the y-axis shows 15-minute time intervals of the day, and
the color scale indicates the value of the average load for the corresponding bus stop, time
of day combination. As one can see, the average load dramatically increases during the
rush hours in the morning between 7 and 10 at some specific stops in Oakland, where the
University of Pittsburgh campus is located. It is not surprising, because many University of
Pittsburgh students, faculty, and staff take this route and the similar ones to get to campus
in the morning.

(b) Route-direction: Each baseline in this category is obtained by computing the average load
and crowding level for every route at each related stop in each direction for every 15-minute
time span. This baseline will be used for evaluation of our regression and classification
models with route-direction data inputs.

5 DATA PREPARATION/CHALLENGES

We have received two types of Pittsburgh-area bus data from the Port Authority of Allegheny
County:

e Schedule Data are given in GTFS format [15]; these contain the published bus schedules
(i-e., are equivalent to printed bus schedules).

e Historical Data are given in a STEP 4 file format; these contain data about the exact time
each bus arrives at a bus stop, along with how many people board or alight the bus. These
data are generated using automated people counting devices that are mounted at the doors
of every bus. We convert the STEP file to a text standard format like CSV.>

4STandard for the Exchange of Product.
>Comma Separated Values.

ACM/IMS Transactions on Data Science, Vol. 1, No. 3, Article 23. Publication date: September 2020.



T. Arabghalizi and A. Labrinidis

23:10

[ 15 GOOM LV 3AY HLild

[ (43L13HS) SN 1S HLO 1V IAY ALY3EN

[ 1S GOOM 1¥ 3AY HIXIS

[ 15 Q13I3HLMWS 1Y 3AY HIXIS

[ OAT8 MOT39I8 1¥ 3AY HIXIS

[ 3AV 3UINID 1V 3AV HIXIS

[ 1S QNOWYIQ ddO 3AY HLl4

[ d NOLONIHSYM LV 3AY HLld

[ 1S 339¥W LV 3AV HL3I4

[ 15 NOSN3AJLS LV AV HLild

[ 15 3014d 1V AV HL3l3

[ 1S W¥¥48 NYA ddO AV HLild

[ 1S JIQQIMNIT LV 3AV HL3ld

[ 15 1519 ddO AV HLil3

[ 1S 3LLOGNVAM LV AV HLild

[ 1S ¥23N35 ddO AV HLild

[ 5415 JMLINOMW LV IAV HLil4

[ 54 15 DNLYAXHDI LY IAV HL3l4

[ BSEZ# ddO 3AV HL3ld

[ (WYHOO0ud ¥1DV) 0T9Z# ddO AV HLild

[ 54 15 WHN3Y8 1V IAY HLIId

[ 1S NOSNIBOY 1V IAY HLild

[ (AINN MOTHYD) IAY L3VHD ddO AV HLiId
[ QY Q1314¥3153HD 1V IAY HLIA

[ 1S GOOMLY ddO IAY HLld

[ 3AY AVSDIDVHL LV IAV HL3l

[ (LLid) GA18 MOT3918 1V IAY HLld

[ 3AY NOSANNIL 1V 3AY HLild

[ 1S 390I4HLIQ 1¥ 3AY S38U04

[ 1S DIVHD 1¥ 3AY 538404

[ TIVH S¥NEWYH ddO 3AY 538404

[ {NOTI3MW 3193N¥YD) S4 3AY GOOMIUOW L¥ 3AY S3FH0H
[ 1S 437338 1¥ 3AV 538404

[ 15 NOSIHHOW L34YOHYIW ddO 3AY S3FU04
[ 1S QT3I3NIVId 1V 3AY 538404

[ 54 15 ONVTS3BIWNHLYON LY 3AY S38H04
[ 1S HOOQ¥NW Lv 3AY 538404

[ 1S NVWLHOIM 1v 3AY 538404

[ 54 3AV AVHENW LY 3AY 533604

[ 3AV QUYMHOS 1V JAY AVHHNIH

[ 54 3AV Q13I3MOYHON 1V JAY AVHENI
[ SZ8Z# LV IAV AVHUNM

[ 5415 NOLONIWI T4 LV JAY AVHHNW

[ 1S ¥3413M LV AV AVHHNW

[ 15 DY LV 3AV AVHUNKH

[ 15 YLLIHOT LV IAY AV¥ENW

[ 54 3AV GOOMTIZVH LV IAY AV¥ENH

[ Q¥ 3N390KI ddO QY TIIH SNMOYE

[ 54 QA8 M3IAXSYd 1V QY T1IH SNMOYS
[ (390148 T3ATT1H) 1S 1S3M LV 3V HL8

[ 15 NOSDIQ LV 3AV H18

[ 15 13SI3H LV 3AV H18

[ 1S M3¥ANY ddO 3AV H18

[ 15 LNV¥O ddO 3AV H18

[ 1S 3NIAVY ddO 3AY H18

[ 15 dOLTIIH ddO 3AY H18

[ $ZZ1# ddO AA1E ¥13HYONONOW

[ 54 15 NIT441W ddO GAT3 GOOMANNSN

[ 000¥# 1¥ GA18 GOOMANNIY

[ LS NN319 1 OA18 GOOMANNIY

[ 54 15 NHIVONT19 1v OA18 GOOMANNDI
[ GAT8 NYW34OH ddO AT3 GOOMANNI
[ 54 3AV NYW¥3H dd0 OA18 3NS3NONa
[ 3AV HLTYIMNOWWOD dd0 0A18 3NS3NONa
[ 3AV LNOWHIV4 ddO OA18 3NS3NONA

[ 3AV LNOWDIVO ddO QAT 3NS3NONA

[ 3AY ONVTH3A0 ddO OAT8 3NS3NONT

[ 1S IST 1V 3AV INVHO

[ 3AV LNVHO 1V 1S ONZ

[ 3AY AG3NN3M 1V 1S ONZ

[ S4 QA8 INS3NONA LY Td A¥vYEn

[ 3AY 3MAM ddO QAT 3NS3NONA

[ 1S ¥3IN3D 1¥ OAT8 3NS3NONa

[ 1S ¥3IN3D 1¥ QAT8 31541

[ 54 15 NISUNOD 1¥ A18 315A1

[ ¥Z¥1d 34D HOIN3S 1¥ QA8 J1SAT

[ Y¥3IN3D NOLLYLHOJSNYHL 1OdSIDIOW ddO OATE FISAT

Z# AVE 1¥ ¥3IN3D NOLLYIHOdSNYEL 1H0dSIDIOW

Stops

-axis

Fig. 1. The Spatiotemporal average load for 61C-inbound using the route-stop baseline data. The x

represents 61C’s stops in geographical order, the y-axis shows 15-minute time intervals of the day, and the

color scale indicates the value of the average load for the corresponding bus stop, time of day combination.

Data Selection

5.1
We conducted our experiments with two historical datasets from two different time periods: March

alighting history at a bus stop. Table 6 shows a few basic statistics about the data we used in this
study. In addition, the relationship between the number of stops and routes in Pittsburgh, for both

2017 to March 2018 and June 2018 to June 2019. Each data record relates to a bus’s boarding and

of

whereas only about 20% have more than 80 stops

is shown in Figure 2. As we can see in Figure 2(a), about 55%

5

inbound and outbound directions

>

inbound routes have between 50 and 80 stops

and nearly 25% have less than 50 stops. Almost the same pattern is observed in Figure 2(b) for

outbound routes. More than half of the outbound routes have 50-80 stops, while the other half
have more than 80 or less than 50 stops in total. Routes 59 and O1 are two examples that have the

highest and the lowest number of stops, respectively.

5.2 Data Preprocessing

We first converted the selected data into a form that we could work with. That meant converting
the STEP file into a text-standard format like CSV. The next step is to detect data anomalies and
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Table 6. Statistics about the Pittsburgh Area Bus Data

First Dataset Second Dataset
Duration March 2017-March 2018 | June 2018—June 2019
number of routes (in-/out-bound) 982 =196 982 =196
number of stops 6,923 6,876
number of records in dataset before cleaning 100,869,765 102,809,399
number of records in dataset after cleaning 89,901,555 91,807,584
number of columns in dataset 189 215
number of useful columns 18 18
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Fig. 2. Distribution of the number of stops among the different routes.

correct or entirely remove them from the data. The following is the list of data inconsistencies we
identified and removed before starting any data analysis:

e Invalid values: We found out that there were some invalid characters such as a star (*) in

some of the data, which make their type incorrect. These values were removed or replaced
by the correct ones after they were discovered.

Missing records: After comparing the available records in historical data and schedule data,
we found out that the data coverage is about 80 percent; we decided to use the existing data
for the next phases without imputing the missing records.

Missing values: During data analysis, we found out that bus stop information (Stop ID
and Stop Name) was unidentified in a number of data records, which means they would be
useless for the subsequent analysis and modeling. Therefore, such data records were evicted
from the data (Figure 3). This included data that showed buses being in the river (possibly a
result of an urban canyon effect® on the GPS) and following completely different bus routes
(possibly a result of human error).

Dugplicate records: We observed that for some of the records, there was at least another
copy that contained the same features such as date, bus, trip, and stop just like that record,
but the copy was different in other features. Our hypothesis was that when a bus driver
dwells at a stop behind a red light, he/she probably opens the bus’s doors to board and/or
alight passengers more than once, which leads to creating such duplicates in data. Tracking
a few examples of this scenario proved that our assumption is true up to a certain level.
Such records were also eliminated to increase the consistency of the following analysis.

Shttps://en.wikipedia.org/wiki/Street_canyon.
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Fig. 3. Missing stops for 61C inbound in April 2017. The yellow-green path with orange dots represents the
actual route for 61C inbound, and the red markers show the locations where the latitude and longitude of

the missing stops in data specify. As you can see, many of the markers do not match the true locations of
stops in this route during this specific time period.

5.3 Data Transformation

To prepare the preprocessed data for the machine learning models that we will apply in the next
section, we need to perform the following transformations:

o Attribute Decomposition: The date and time features need to be split into their constituent
parts before they can be used by the machine learning models. For example, we decomposed
date and time from each data instance into month of the year, hour, and minute, respectively.

e Encoding Categorical Attributes: One task of data transformation is converting categor-
ical data into numeric data. One of the methods for this conversion is to create dummy
variables for all categorical attributes, which in our case include month of the year, day of
the week, time of the day, and stops.

e Adding new features: Because of our modeling needs, we had to add two different kinds
of features to the preprocessed data:

—TFeatures obtained from a secondary data source: Weather is one of the important features
that can affect the crowding level in public transportation. We used weather data includ-
ing average temperature, rainfall and snowfall per hour from the Pennsylvania State Cli-
matologist [13], the National Weather Service Climate of Pittsburgh [34] and National
Operational Hydrologic Remote Sensing Center [10] and integrated these features into
our data.

—Features obtained from original data: Some of the features we need for the modeling, such
as the type of each bus, the load of a bus at previous stops, and the current crowding level,

were constructed from other features and/or other data instances and then were added
to the preprocessed data.
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6 EVALUATION FRAMEWORK

The goal of our evaluation is two-fold:

e Determine the usefulness of the different feature sets in predicting bus load and crowding
levels, and
e Evaluate the performance of the proposed models compared to the baselines.

We have used 20% of each dataset as test data for model evaluation. In particular, we fed the
models with the test data and let them predict the corresponding loads, crowding levels, and their
uncertainties. To qualify the performance of the models and the baselines, we used three metrics,
including RMSE, Log Loss, and F1 Score, which we explain next.

6.1 Metrics
We have chosen three performance metrics, namely, RMSE, Log Loss, and F1 Score, to evaluate the
predictions coming from the baselines, Negative Binomial, and Random Forest models.

e The Root Mean Square Error (RMSE) is the standard deviation of the prediction errors,
which tells you how concentrated the data are around the line of best fit [4]:

N . o N2
RMSE = Z (predicted; — observed;) _ 3)

i=1 N
e The Log Loss is a measure of how good probability estimates are (also known as cross
entropy) [20]. Equation (4) shows the Log Loss formulation for multi-classification:

N M

1
logloss = N Z Z yijlog(pij), 4)

i=1 j=1

where N is the number of rows in test set, M is the number of fault delivery classes, y;; is
equal to 1 if observation belongs to class j, and p;; is the predicted probability that obser-
vation belongs to class j.

e The F1 Score is defined as the harmonic mean of precision and recall and is known to be
more useful than accuracy if there is class imbalance in classification [44]:

precision x recall
3

F1 =2 (5)

precision + recall”

Since predicting the probabilities of crowding level will be as useful as predicting the crowding
level itself, we used Log Loss as one of the performance metrics. Furthermore, due to the phenom-
enon of class imbalance in crowding levels, we decided to use the F1 Score with micro-averaging
that aggregates the contributions of all classes to compute the average metric [31].

6.2 Algorithms
The algorithms that we employ in this framework are:

e Negative Binomial Regression, as explained in Section 4.1 and
e Random Forest Classification, as explained in Section 4.2.

In both cases, we have defined appropriate baselines (Section 4.3).
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Fig. 5. RMSE histograms - regression models with Route-stop (2).
6.3 Data

As previously mentioned (Section 5), we use real-world data received from the Port Authority of
Allegheny County, which we use as the “ground truth.” We extract and process data inputs with
two types, including Route-stop and Route-direction for each modeling algorithm.

7 EVALUATION RESULTS AND DISCUSSION

We summarize the models’ evaluation by representing the RMSE, Log Loss, and F1 Score values for
baseline, Negative Binomial regression, and Random Forest classification models for both route-
stop and route-direction inputs. As mentioned before, first we only conducted simple experiments
using selected routes but then after evaluating the results, we ran an experiment for all the existing
routes by modeling them with our best selected approach (see Section 7.9). It is worth mentioning
that all the following experiments have been conducted over the first dataset besides the ones in
Sections 7.4 and 7.12.

7.1 Regression Results with Route-stop (Figures 4, 5, 6)

Setup: For this experiment, we used the route-stop data input for modeling the selected routes
and stops.
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Table 7. Feature Sets to Be Used in Models. The last row is only used
for models with route-direction input data.

Features FS1 | FS2
TOD2 - TODY%6 v
DOW2 - DOW5
MOY2 - MOY12

BusType

Temperature, Rainfall, Snowfall
PLoad1 - Pload5
PLoad1 - Pload10
PLoad5
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w
w

FS4 | FS5 FS7 | FS8 | FS9
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Results: Figures 4 and 5 show the RMSE for Baseline versus Negative Binomial Regression models
with all nine different feature sets for the five top routes including 61B, 12, Y1, P1 in cluster CL4,
and P1 in cluster CL5 at their selected stops (see Tables 7 and 4). As it can be seen in all five bar
charts, our models with feature sets FS3, FS4, FS8, and FS9 perform better than baseline models.
As indicated in Table 7, FS3 and FS4 are feature sets that include time of the day, day of the week,
month of the year, bus type, weather, and bus loads from 5 and 10 previous stops, respectively,
while FS8 and FS9 only include bus loads from 5 and 10 previous stops and not the other variables.

Moreover, Figure 6 is a summary of all selected route-stop pairs that shows RMSE values for
Baseline versus the Negative Binomial Regression models that turned out to perform the best
according to the charts in Figures 4 and 5.

It is worth pointing out that histograms FS4, FS6, FS7, and FS9 are blank for P1 at both stops.
The reason is because this route, which is the busiest route in Pittsburgh, has only about 15 stops
in each direction, which means there are less than 10 stops before these candidate stops we are
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Fig. 8. RMSE histogram for selected outbound routes - best route-direction models.

predicting for. Therefore, there is no model built for the mentioned feature sets for route P1 at
EAST BUSWAY AT NEGLEY STATION A and EAST BUSWAY AT NEGLEY STATION C.

Finally, in all mentioned Figures, models with FS3 and FS4 perform slightly better than models
with FS8 and FS9, which means including variables other than previous loads in the models could
make a difference. This statement is true for all experiments that we have conducted as part of this
work.

Takeaway: Regression models with route-stop data inputs work up to 7.9 times better than their
corresponding baselines.

7.2 Regression Results with Route-direction (Figures 7, 8)

Setup: For this experiment, we used the route-direction data input for modeling the selected
routes.
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Table 8. Random Forest vs. Logistic Regression - Table 9. Random Forest vs. Logistic Regression -
F1 Score Comparison for Inbound Routes Log Loss Comparison for Inbound Routes
FS3 FS4 FS3 FS4
Route | Baseline | RF | LR RF LR Route | Baseline | RF | LR RF LR
61B 0.91 0.97 | 097 | 097 | 0.97 61B 0.24 0.09 | 0.09 | 0.09 | 0.09
71D 0.91 0.98 | 097 | 0.97 | 0.97 71D 0.23 0.08 | 0.09 | 0.08 | 0.09
12 0.85 0.97 | 0.96 | 0.97 | 0.96 12 0.31 0.08 | 0.11 0.1 0.11
56 0.87 0.98 | 0.98 | 0.98 | 0.98 56 0.28 0.06 | 0.07 | 0.06 | 0.07
Y1 0.68 0.92 | 091 | 091 | 091 Y1 0.7 0.23 | 0.24 | 0.24 | 0.24
28X 0.85 0.95 | 094 | 095 | 093 28X 0.34 0.15 | 0.16 | 0.16 | 0.17
P1 0.8 0.87 | 0.87 | 0.87 | 0.87 P1 0.47 033 | 033 | 032 | 0.32
G31 0.83 0.96 | 0.95 | 0.96 | 0.95 G31 0.37 0.12 | 0.14 | 0.13 | 0.14
61C 0.79 0.93 0.9 0.93 0.9 61C 0.49 0.19 | 0.22 | 0.19 | 0.22

Results: In this experiment, we carried out Negative Binomial regression for each selected route
in each direction. As one can see in Figure 7 for inbound routes and Figure 8 for outbound routes,
the performance of our models with feature sets FS3, FS4, FS8, and FS9 for the selected routes
(see Table 7) is better than the performance of the baseline models for the same routes in both
directions.

Takeaway: Regression models with route-direction data inputs perform up to 4.2 times better
than their corresponding baselines.

7.3 Performance Comparison of Random Forest and Logistic Regression Models
(Tables 8,9, 10)

Setup: For this experiment, we used the route-direction data input for modeling the selected
routes.

Results: As mentioned earlier (Section 4.2), although we applied both Random Forest and Logistic
Regression models on our data, we only report Random Forest results, because Random Forest
classifiers seem to be more accurate than Logistic Regression models. To prove this statement, we
compared the accuracy (in terms of F1 Score and Log Loss) of both types of models for all candidate
routes and presented a selection of results in Tables 8 and 9. Table 8 shows F1 Score values after
testing models for inbound candidate routes with FS3 and FS4 as the models’ feature sets. As it
can be seen, F1 Scores for Random Forest models are equal to or slightly higher than F1 Scores
for Logistic Regression models in all cases. A Log Loss comparison was also done with the same
modeling and input setup and displayed in Table 9. The numbers in this table indicate that our
Random Forest models also perform equally well or better than our Logistic Regression models in
terms of Log Loss. In addition to these tables, Table 10 summarizes the outcomes obtained from
the comparison of the two classification models for both inbound and outbound routes and both
feature sets. According to this table, for 67% of experiments Random Forest classifiers performed
better than Logistic Regression models in terms of F1 Score, and they performed as well as each
other for the remaining 33%. This table also represents Log Loss comparison of the models where
Random Forest classifiers did equally well or better than Logistic Regression models in 94% of
experiments.

Takeaway: Random Forest classifiers outperform Logistic Regression classifiers, so we apply Ran-
dom Forest on all datasets with different setups, as it is explained in the following sections.
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Table 10. Random Forest vs. Logistic Table 11. Random Forest vs. Neural Network - F1
Regression - F1 Score and Log Loss Comparison Score and Log Loss Comparison for Inbound
for Inbound and Outbound Routes and Outbound Routes
RF>LR | 67% RF>NN | 61%
F1 Score (the higher the ; ?
better)g RF=LR | 33% F1 Score lf)the higher the RF= NN | 39%
RF<LR | 0% etter) RE<NN | 0%
RF<LR | 72% RF<NN | 67%
Log Lossb(t:lte l)ower the RF=LR | 22% Log Loss (the lower the RF= NN | 23%
etter,
RF>LR | 6% better) RE>NN | 5%
Table 12. Random Forest vs. Neural Network Performance
Comparison for Inbound Routes
F1 Score Log Loss
Route FS3 FS4 FS3 FS4

RF | NN | RF | NN | RF NN | RF NN
61B 0.98 | 097 | 0.98 | 0.97 | 0.07 | 0.07 | 0.07 | 0.07
71D 098 | 097 | 0.98 | 0.97 | 0.06 | 0.08 | 0.07 | 0.07
12 098 | 097 | 098 | 0.98 | 0.06 | 0.08 | 0.07 | 0.07
56 0.99 | 098 | 0.99 | 0.98 | 0.04 | 0.06 | 0.05 | 0.07
Y1 094 | 092 | 0.94 | 0.90 | 0.19 | 0.21 | 0.19 | 0.22
28X 096 | 095 | 0.96 | 0.95| 0.12 | 0.13 | 0.13 | 0.14
P1 0.88 | 0.88 | 0.88 | 0.88 | 0.28 | 0.28 | 0.30 | 0.30
G31 096 | 095 | 096 | 0.96 | 0.11 | 0.14 | 0.12 | 0.13
61C 095 | 093|095 | 093] 0.14 | 0.17 | 0.15 | 0.17

7.4 Performance Comparison of Random Forest and Neural Network Models
(Tables 11 and 12)

Setup: We used the route-direction data input for modeling the selected routes using the second
dataset.

Results: In this section, we compare the performance of our Random Forest classifiers and our
Neural Network classifiers with two feature sets: FS3 and FS4, for all candidate routes. As one can
see in Table 12, our Random Forest models perform equally well (28% of cases) or better (72% of
cases) than our Neural Network models in terms of F1 Score and Log Loss for inbound routes.
Table 11 summarizes the comparison between the Random Forest and Neural Network models for
both inbound and outbound routes and both feature sets. According to this table, RF classifiers
work equally well or better than NN classifiers in 100% of cases in terms of F1 Score and in 95% of
cases in terms of Log Loss.

Takeaway: These results (as well as the results in the previous section) indicate that Random Forest
classifiers outperform the other classification methods that we used and work the best for our
data. Furthermore, we can infer that neural networks do not necessarily outperform the standard
machine learning algorithms that can solve a large majority of problems.

7.5 Classification Results with Route-stop (Figures 9, 10, 11, and Table 13)

Setup: We used the route-stop data input for modeling the selected routes and stops in this exper-
iment.
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Fig. 9. F1 Score and Log Loss histograms.
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Results: Figures 9(a) to 9(j) show the F1 Score and Log Loss for the Baseline versus Random Forest
models with all nine different feature sets for 61B, 12, Y1, P1 in cluster CL4, and P1 in cluster CL5
(see Tables 7 and 4). According to the histograms in Figure 9, models with FS3, FS4, FS8, and FS9
feature sets perform better than the baseline and the other models in terms of both Log Loss and
F1 Score. For instance, Figure 9(c) and Figure 9(d) show that F1 Score has increased by 29% and Log
Loss has decreased by 8 times in models with FS3 or FS4 feature sets compared to the baselines.
The same pattern can also be seen in Figures 10 and 11, which show F1 Score and Log Loss
for baselines and the best-performing Random Forests for all selected route-stop pairs. Our other
observation from these histograms is that route-stop pairs that are in clusters CL1 and CL2, have
lower Log Loss and higher F1 Score compared to the other pairs in other clusters. One interpre-
tation is that less-crowded routes have less “messier” data, which leads to more accurate models.
What we mean by “messiness” is how spread our data are. As you can see in Table 13, the first
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Table 13. Standard Deviation, Mean, F1 Score, and Log Loss Values for
Selected Routes. The table shows that models for routes with higher
average load and higher standard deviation are less accurate than the

models for routes with lower average load and lower standard deviation.

Route Cluster SD | Mean | F1Score | Log Loss
61B CL1 6.81 8.75 0.92 0.19
71D CL1 6.24 8.26 0.93 0.19

12 CL2 9.1 11.24 0.97 0.06
56 CL2 7.99 11.45 0.96 0.1
Y1 CL3 11.46 | 18.58 0.82 0.42
28X CL3 9.98 12.05 0.86 0.3
P1 CL4 & CL5 | 12.15 | 21.57 0.68 0.67
G31 CL4 11.76 | 12.04 0.90 0.19
61C CL5 9.42 16.28 0.79 0.42

four routes that belong to clusters CL1 and CL2 have lower mean (which means less crowded) and
lower standard deviation over their “load” compared to other routes in other clusters; and also,
as it can be seen, the accuracy of their models built with one of the feature sets such as FS3 is
better than other routes. Since a high standard deviation indicates that the data points are spread
out over a large range of values [7], we are convinced that the models we build for more-crowded
routes are less accurate than the models we build for less-crowded routes.

Takeaway: Classification models with route-stop data inputs perform up to 8 times better than
their corresponding baselines.

7.6 Classification Results with Route-stop for 61C (Figure 12)

Setup: For this experiment, we used the route-stop data input for modeling 61C at all of its stops.
61C is one of the most popular and crowded routes in Oakland neighborhood, where University
of Pittsburgh campus is located, which makes this route an important target for our project. This
section is essentially an example of what we explained in the previous section about the relation
between load and model accuracy.

Results: Figures 12(a) and 12(b) represent the changes of F1 Score, Log Loss, and Mean Load over
all stops in 61C for both directions. The model used for this experiment was Random Forest clas-
sifier with route-stop data input with FS3 feature set. As you can see, the values of these three
metrics fluctuate for each stop, and our model has different accuracy at different stops. It is notice-
able that the accuracy of each model at each stop has a close relationship with the Mean Load of
the route at that stop. In other words, when the number of passengers on the bus route increases
(specifically, at stops in the middle of the route path), there will be a decrease in F1 and an increase
in Log Loss. This pattern is visible in both 61C inbound and 61C outbound graphs.

Takeaway: The accuracy of each model for 61C at each stop has a relationship with the average

load of the route at that stop.

7.7 Classification Results with Route-direction (Figures 13, 14, 15, 16)

Setup: For this experiment, we used the route-direction data input for modeling the selected
routes.
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Fig. 12. Classification Results with Route-Stop for 61C.
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Results: We depict the comparison between F1 Score and Log Loss for the selected inbound routes
for the Random Forest classifiers with best feature sets in Figures 13 and 14. Figures 15 and 16 show
the same comparison for the selected outbound routes. Similar to other previous experiments, our
proposed models with FS3 and FS4 completely outperform baselines and are slightly better than
models with FS8 and FS9. If we compare the results of the classification models with route-stop
input (Section 7.5) and classification models with route-direction input, we can clearly see that the
latter surpass the former in terms of F1 and Log Loss. However, one exception can be seen for route
12 in which route-stop model performs slightly better than its route-direction model. We believe
this to be minor, because we reported the outcomes of route-stop models for the selected routes
at the candidate stops, not all the existing stops. In other words, since the accuracy of the route-
stop models changes from one stop to another (as it was observed in the previous experiment for
61C), thus, we should not generalize from the performance of models for just one stop. In fact, we

ACM/IMS Transactions on Data Science, Vol. 1, No. 3, Article 23. Publication date: September 2020.



23:24 T. Arabghalizi and A. Labrinidis

1
618 12 56 Y1 28X P1 G31

71D 61C

F1 score
=3 =3 o
> o )

=3
N

M Baseline mFS3 mFS4 mFS8 mFS9

Fig. 15. F1 Score histogram for selected outbound routes - best route-direction models.

=3
e

0.3
: |||| |||| “l II|| II “‘I ||
61B 71D 12 56 Y1 28X P1 G31 61C

m Baseline mFS3 mFS4 mFS8 mFS9

Fig. 16. Log Loss histogram for selected outbound routes - best route-direction models.

resolved this problem by computing the average of F1 and Log Loss scores for all stops of a route
and comparing them with F1 and Log Loss scores obtained from models built for that route in two
directions. We completed our experiment in the previous section by calculating the average of the
metric values for 61C at all of its stops (direction-separated) and then we compared these average
values with F1 and Log Loss scores from route-direction models for 61C. It turns out that the
latter are very close (even slightly better) to the former, which gives us another reason to choose
route-direction models over route-stop models. Generally speaking, instead of having one model
per each route and stop, we can have a model for each route while considering its stops as model
variables. This way, we get an acceptable average accuracy for all stops without having trouble
creating thousands of models.
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Fig. 18. F1 Score and Log Loss for selected outbound routes using load information from different previous
stops.

Takeaway: Classification models with route-direction data inputs perform up to 3.9 times better
than their matching baselines and have better accuracy compared to classification models with
route-stop data inputs.

7.8 Stop-load Sensitivities (Figures 17, 18)

Setup: For this experiment, we used the route-direction data input for modeling the selected
routes.

Results: The models used in this experiment are Random Forest classifier models that are fitted
with FS2 features, plus loads from the stops prior to the stop we are predicting for. Figures 17
and 18 display the changes of F1 Scores and Log Loss for selected routes in two directions. On
the x-axis, we list the number of previous stops (1-10) with their load information known. In
other words, 1 corresponds to knowing the load of just the previous stop, 2 to knowing the load
of the two previous stops, and so on. According to these line charts, both F1 and Log Loss values
vary slightly from one variable set to another, and F1 values fluctuate even more insignificantly
than Log Loss values. From this observation, we can infer that the accuracy of our proposed
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Fig. 19. Results for all routes modeled with Random Forest classifier for each route-direction.

models barely depends on the number of previous stops with load information known, and it
stays almost unchanged when adding more load information from previous stops that are farther
away. However, we should emphasize the importance of including consecutive previous loads
(starting from the stop right before the stop we are predicting for) in the feature sets because they
remarkably improve the accuracy of the models. We have seen this time and time again in the
presented results from all the introduced models, which perform very well while having FS3 or
FS4 feature sets as their independent variables.

Takeaway: Adding more load information from previous stops that are farther away does not
change the accuracy of our models.

7.9 Classification Results with Route-direction - All Routes (Figure 19)

Setup: For this experiment, we used the route-direction data input for modeling all the routes.

Results: A summary of the results obtained from running the experiment for all existing bus
routes in Pittsburgh is illustrated in Figure 19. This graph shows the F1 Score versus Log Loss
computed for each route in each direction modeled by Random Forest classifiers. The size of the
circles corresponds to the Mean Load that is calculated for each route-direction and partitioned
in six different categories. Each category is also defined with a color to display the differences.
As you may notice, most routes have loads less than 20 people on average and models for routes
whose Mean Load is lower than 15 passengers seem to be more accurate, since their F1 Scores are
very close to 1.0 and their Log Loss scores are close to zero. However, Mean Load in routes such
as P1 and P2, which are known as two of the busiest routes in Pittsburgh, is over 20 people, which
leads to less accurate models. We think this phenomenon happens because data are typically more
prone to messiness and a lot of missing values and outliers when buses become more crowded (see
Table 13).
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Fig. 21. F1Score and Log Loss for selected outbound routes - Random Forest classifier vs. load-only Baseline.

Takeaway: The accuracy of a model for a route in a certain direction has a inverse relationship
with the average number of passengers using that route.

7.10 Classification Results vs. Load-only Baseline (Figures 20, 21)

The goal of this experiment is to evaluate a scenario where the Port Authority makes available to
the public the “live” bus load data feed. In other words, it would be possible to find the current
load of any bus. We use this experiment to determine how useful that information would be in
predicting the bus crowding levels for that route further downstream (i.e., at the bus stop of in-
terest), since presumably people would want to predict how full their bus will be before actually
seeing the bus.

Setup: For this experiment, we used the route-direction data input for modeling the selected
routes. In terms of a baseline, we used a variation of the Route-direction baseline where, instead of
using the average load, we use the load at the 1st or the 5th or the 10th previous stop. Therefore,
three separate baselines for each route in each direction are built and used for comparison (Base-
line_1st, Baseline_5th, and Baseline_10th). In addition, we also fit three different Random Forest
classifiers for each route in each direction with all the variables included plus only load at the 1st
previous stop (RF_1st) or at the 5th previous stop (RF_5th) or at the 10th previous stop (RF_10th).
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Table 14. Top 15 Most-crowded Routes in CL4 / CL5

Crowding Level Description Routes (in order of crowdedness, starting from the left)
CL5 Crushed P1, 61C, 61D, 71B, 71A, P78, 61B, P2, 75, 71D, P71, 58, 71C, 67, 1
CL4 Many People Standing P1, G31, G2, G3, 28X, Y1, 75, 71B, 71A, 69, 41, P78, 61B, 6, 61C

Table 15. The Most-crowded Routes and Stops in Pittsburgh Reported by Google Maps

Route Stop
22 Helen St at Catherine St, Helen St at Ella St,
71A Craig St at Centre Ave FS, Negley Ave at Jackson St, Negley Ave at Hampton St
71C | Negley Ave at Centre Ave, Negley Ave at #370 (Baum Blvd), Negley Ave at Penn Ave FS

Table 16. Comparing “Crowded” Bus Routes as Identified by Google Maps vs. Our Work

Route Origin CL1 | CL2 | CL3 | CL4 | CL5 | % trips crowded
22 Google Maps | 45.82 | 1.79 | 0.01 | 0.0 0.0 0%
71A | Google Maps | 81.19 | 1.43 | 0.39 | 0.09 0.1 10%
71C Google Maps | 75.23 | 0.74 | 0.17 | 0.034 | 0.007 11%
P1 Our work 43.29 | 20.37 | 3.29 | 0.51 0.88 15%
61C Our work 71.81 8.4 1.4 0.05 0.3 17%
61D Our work 7292 | 2.44 | 0.33 | 0.008 0.2 12%

Results: Figures 20 and 21 show the F1 Score and Log Loss values obtained from an experiment
conducted to compare our proposed classification models with load-only baselines. According to
the figures, all the proposed models perform better than the baselines except for models for P1 and
28X, which show some small discrepancies compared to other routes. In addition, if we compare
the three different types of models together, we can see that models that include the first previous
load in their variables are usually more accurate than models that use 5th or 10th previous loads.
However, this does not hold for baselines. As you may notice, baselines that use load from the
10th previous stop work better than the other baselines although a few different behaviors for
some routes are observed.

Takeaway: Using just live data has limited application in predicting bus crowding levels further
downstream. Such signals should instead be combined with historical data to build more accurate
predictive models.

7.11 The Perils of Crowdsourced Data (Tables 14, 15, 16)

Setup: In this last data-driven evaluation study, we wanted to compare the quality of crowd-
sourced data with the “ground truth,” as collected by the automated person counting devices on
all buses. Towards this, we used data from our route sampling analysis (Section 3.3), data from
Google Maps [22] about Pittsburgh’s most-crowded bus routes, and published data from the Port
Authority [32].

Results: Table 14 show the most-crowded (CL5) and second-most-crowded (CL4) routes in Pitts-
burgh according to our analysis. Table 15 shows the three most-crowded bus routes in Pittsburgh
according to Google Maps. Last, Table 16 has a comparison of the breakdown of each route with
regards to the five bus crowding levels, for the top three crowded routes identified by Google
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Maps and the top three identified by our work. The last column in that table comes from the Port
Authority’s 2018 Annual Service Report [32] and shows the percentage of trips that were crowded.

We clearly see that all the routes we identified as the most-crowded ones (P1, 61C, 61D) are very
crowded indeed, whereas out of the three that Google Maps identified as the most-crowded routes,
two (71A, 71C) are indeed somewhat crowded (although not the top ones), whereas one (22) is not
crowded at all. This is the main challenge of relying exclusively on crowd-sourced information.
There is often an inherent bias in data collection leading to skewed conclusions if that is the only
data source. A well-known example of this bias is the case of the StreetBump smartphone app to
detect potholes in Boston, which ended up missing inputs from significant parts of the population—
often those who have the fewest resources [14].

Takeaway: Systems that rely purely on crowdsourcing to collect bus crowding levels are not
always accurate.
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7.12 Results for the Second Dataset (Figures 22, 23, 24, 25)

To confirm that our experimental results and conclusions are generalizable and transferable, we
evaluated our proposed models with a second dataset. The second dataset was from the Port Au-
thority and was for a completely different one-year period. It is worth noting that Port Authority’s
schedules change quarterly, so there are many differences among these datasets (see Table 6). We
applied our Random Forest classifiers with the route-direction data input (as our desired setup)
on the second Port Authority dataset and compared their accuracy with the results from the first
dataset.

Setup: For this experiment, we used the route-direction data input for modeling the selected
routes.
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Results: According to Figures 22, 23, 24, and 25, our proposed classification models with FS3 and
FS4 feature sets outperform baselines models with FS8 and FS9 in terms of both F1 Score and Log
Loss, similar to what we saw in the previous experiments with the first dataset.

Takeaway: Our classification models with route-direction data inputs applied on the second
dataset perform up to 4.5 times better than their matching baselines.

Discussion: Considering the results we obtained from conducting experiments with the two
datasets and according to Table 6, we can infer that we have slightly more data instances in the
second dataset (about 2M) than the first one, and the models’ accuracy is also slightly higher when
we apply our models on the second dataset.

7.13 Discussion

In our evaluation, we identified feature sets FS3/FS4 to be the best choice among all other feature
sets. However, these sets have more than 100 features. In real-life, it may be preferable to consider
the trade-off between model quality and model complexity. As such, another good option may
be FS8, which only contains those last five prior loads and performs almost as good as the more
complicated FS3/FS4 sets.

Taking a step back, one may wonder: If live bus loads are available, does it still make sense to do
modeling? The answer is yes, as we showed in the previous section. Ideally, one would combine
live data with predictive models so they are able to more accurately predict bus crowding levels a
few stops away or well ahead of time, as part of pre-trip planning.

8 CONCLUSION AND FUTURE WORK

In this work, we framed the “How full will my next bus be?” question as a regression and as a
classification problem and developed a modeling framework to predict bus load and bus crowding
levels using data from Pittsburgh. Our evaluation results showed that the proposed framework
(using Random Forest classifiers with route-direction data inputs) performs very well when using
time of day, day of the week, month of the year, bus type, weather, and the bus loads from the
5 or 10 prior stops as the selected features. In fact, our models’ performance was up to 8 times
better than the baselines. Although we developed our modeling framework using only data from
Pittsburgh, we are confident that the same process and the proposed models can be applied to data
from other cities, especially since we evaluated our models with two different, completely disjoint
datasets.

As part of our future work, we intend to deploy these models in our PittSmartLiving mobile
application, using live real-time data from the Port Authorities, with the ultimate goal of improving
commuters’ quality of life through high-quality, actionable information.
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