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Summary
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Given an increasingly volatile climate, the relationship between weather and transit ridership has
drawn increasing interest. However, challenges stemming from spatio-temporal dependency and non-
stationarity have not been fully addressed in modelling and predicting transit ridership under the
influence of weather conditions. Drawing on three-month smart card data in Brishbane, Australia, this
research implements a suite of tree-based machine-learning algorithms, to model and predict near
real-time bus ridership in relation to sudden change of weather conditions. The study confirms that
there indeed exists a significant level of spatio-temporal variability of weather-ridership relationship,
which produces equally dynamic patterns of prediction errors.

KEYWORDS: Public transport; Machine learning; Big data; Travel behaviour; Weather
1. Abstract

Global warming resulting from the carbon emissions from human activities has become one of the
most critical challenges for humanity (Nordhaus, 2007; Moser, 2010). Human-induced warming has
raised the global temperature by approximately 1°C compared to the pre-industrial era according to

a report by the Intergovernmental Panel on Climate Change (IPCC) (Allen et al., 2018). The occurrence
of extreme weather events, including extremely high and low temperatures, storms and hurricanes,
has also increased in frequency since the 1950s (Stott, 2016). Such an increasingly versatile climate
will considerably impact the natural and social environment, as such, potentially causing new issues
and challenges for human societies (Urry, 2015; Allen et al., 2018).

In combating global warming, interventions to curb carbon emissions are critical (Nordhaus, 2007;
Zhang and Cheng, 2009). Particular attention has been drawn to the transportation sector (Loo and Li,
2012; Metz, 2015). The global collective contribution of road and other types of transport to carbon
emissions has been estimated to be over 14% (IPCC, 2014). Promoting greener and attractive public
transit service while reducing excessive car usage has been stressed as a key strategy (Friman et al.,
2013; Tao et al., 2019). However, the increasing variability of weather associated with climate change
may cause disruptive effects on the operation and management of urban transit systems (Hofmann and
O’Mahony, 2005; Miao et al., 2019), as well as demand for transit service (Bocker et al., 2013; Tao et
al., 2018). How to ensure reliable and adequate transit service in response to sudden change of weather
has attracted more concerns (Arana et al., 2014; Singhal et al., 2014).

A scrutiny of the transport literature reveals that real-time relationships between weather and public
transport ridership has received increasing scholarly attention (e.g. Singhal et al., 2014; Wei et al.,
2019). However, limited empirical research has simultaneously investigated the spatial and temporal
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dynamics of transit use in relation to weather conditions, which may restrain our ability to better predict
transit demand and inform real-time operation of transit service. Traditionally, time-use surveys and
household travel diaries are used to study urban travel behaviour (Kitamura, 1988; Schlich and
Axhausen, 2003). While valuable, these data sources are expensive, infrequent, offer low population
coverage and become available with some delay following their gathering. Moreover, the spatial and
temporal scales of such data are often limited due to high collection cost (Noland and Polak, 2002).
New forms of data, such as smart card and mobile phone data have emerged as novel and useful sources
to study human mobility. These data are generated at unprecedented temporal frequency and
geographical granularity, enabling the analysis of human travel activity in real and near-real time scales.
Another key constraint to our current understanding of real-time relationships between weather and
public transport ridership is a dearth in the application of simple, affordable, rapidly customisable and
accurate predictive models. Such models could be key to bridge empirical research and practice in the
operation of transit service. Predictive machine learning approaches enabled by affordable computing
power emerge as a promising candidate. Unlike traditional statistical modelling methods, machine
learning approaches do not necessarily rely on a predefined manual model specification (James et al.,
2013), and require limited human interventions in specifying the most appropriate model configuration
for modelling urban traffic data associated with spatial and temporal dependence and non-stationarity
(e.g. Zhou et al., 2021). Recently, more transport studies have opted for machine learning approaches
to examine and model transport phenomena in a timely and efficient manner (Ma et al., 2015; Polson
and Sokolov, 2017; Wang et al., 2018). However, the application of machine learning approach to
model and predict transit ridership vis-a-vis weather conditions has been relatively limited.

This paper aims to address the identified gaps by using off-the-shelf machine learning models to
produce near-real time, stop-level bus ridership predictions in response to sudden changes in weather
conditions. To this end, we draw on a three-month smart card dataset of bus ridership, containing over
10 million observations allied with detailed weather measurements, trip length, calendar events, and
built environment features to form an integrated spatio-temporal database. We train and assess three
off-the-shelf tree-based machine learning algorithms, Random Forest (RF), eXtreme Gradient Boosting
(XGBoost) and Tweedie XGBoost in their ability of short-term ridership prediction. We in particular
assess the predictive model performance during periods of extreme temperature, rainfall, wind and
humidity records.

Our results suggest relatively high accuracy for the three models. We also find marked spatio-temporal
variability in prediction error across models pointing to complex relationships between stop-level bus
ridership and local weather conditions. Tweedie XGBoost generates the most accurate predictions,
providing narrower prediction error intervals in a wide set of scenarios, particularly during periods of
heavy rain. The proposed model has the capacity to account for the skewed distribution of bus ridership,
and generate accurate real-time predictions. We contend that the current study represents a necessary
step towards further channelling big-data analysis into the real-time operation of transit service in the
face of an increasingly volatile climatic context (e.g., reallocating bus services).
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