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Abstract— To improve the planning of transportation modes,
it is necessary to understand how passenger choose the trans-
portation mode depending on factors such as temperature,
precipitation, trip distance, trip duration. In this article, we
build up on previous work to analyze the effect of seasonality
in the choice of transportation modes. To that end, we use GPS
trajectories in Beijing from the Geolife Trajectory data set, and
analyze them with respect to the four seasons: Summer, Au-
tumn, Winter, and Spring. Our analysis reveals how seasonality
influences the choice of transportation mode, e.g. people tend
to bike less in Summer as temperature increases, whereas rush
hour traffic influences the car share in Autumn. We build a
multinomial logit model, one per season, to predict the trans-
portation mode based on the following factors: temperature,
air quality, traffic during rush hour, time of day, trip distance
and trip duration. The results show how changes in the factors
effect the choice of transportation mode. For instance, long
trips in Autumn decrease the probability of walking by 54%
and increase the probability of car, bus and train use b 37.7%,
11.1% and 13.5%, respectively. We conclude that rush hours
only influence the choice of transport mode during Autumn and
Spring. Also, we have observed some similarities in the choice
of transport modes throughout different seasons, e.g. the trip
distance is a relevant factor for the choice of transport mode
in all four seasons.

Keywords— Air quality; Geolife; Traffic demand; Transport
planning; Transport regulation;Social Transportation; Shared
Mobility

I. INTRODUCTION

Mobility issues are increasingly important all over the
world particularly in developing countries which are under-
going rapid economic and population growth, motorization,
and urbanisation. Finding sustainable mobility solutions,
which do not compromise economic growth and social
inclusion, would require effective planning and regulation
of the transport sector.

Fostering better transportation planning and policies ne-
cessitates understanding of human travel behaviours. Several
factors that directly or implicitly influence human travel
behaviour have been investigated in the state-of-the-art, in-
cluding transportation supply [1], individual characteristics
[2], trip purpose [3] and weather conditions [4]. However,
more and more studies are paying attention to the influence
of weather conditions on individual travel behaviour across
various cities [4]–[6]. For instance Hagenauer and Helbich
et al. [7] find that temperature is more important than

Fig. 1: Distribution of transport mode share per season using
GPS trajectories in Beijing city

precipitation or wind speed in predicting bicycle and public
transportation trips for Dutch travelers.

However, the authors in [8] reveal that precipitation pro-
duces more significant ridership fluctuations than tempera-
ture in Nanjing. Other than temperature and precipitation,
existing literature on weather and daily mobility focus on
humidity [9], wind speed [10], air quality [11] and seasons
[12].

With respect to seasonality, the authors in [12] report that
the car is the most chosen transport mode during bad weather
for commuters in Chicago. Scholars in [13] investigate the
relationship between air pollution and seasonality, and reveal
that more trips are conducted during the Summer when
the air quality is better than during the Winter in Taiyuan.
Instead of only considering the four calendar seasons such
as the Summer, Autumn, Spring, and Winter, the authors
in [14] consider nine complex seasonality blocks such as
the school/university period, Christmas season in influencing
transport mode decisions in Brisbane. The authors reveal that
there is a strong correlation between complex seasonality and
bus ridership.

While studies of the effect of a calendar season on
transport mode decisions has attracted the interest of some
researchers, given its potential, it is surprising that this topic
has not received broader attention in the literature. Moreover,
the data from which these studies are conducted is based



on survey or diary travel data. Findings generated from
surveys are dependent on how the surveyee or participants
give accurate and honest answers. In fact, Arana et al. [15]
reveals that respondents who take part in these questionnaires
can be subject to prejudices, memory lapses, and biases
which can skew the answers. Therefore, one alternative to
surveys is to take advantage of satellite positioning data
which can now be recorded by information sources such as
our smartphones. To the best of our knowledge, there is no
study that models the seasonal effects on transport choices
based on GPS trajectories.

The goal of this paper is show the possibility of modelling
seasonal effects on transport mode choices in Beijing using
GPS trajectories. In Fig. 1, the distribution of transport
modes in each season is showed. We see that seasons have an
impact on the transport mode choices. For instance, during
the Summer and Autumn, walking is the most preferred
transport mode while the bike and the car are most preferred
means during the Winter and Spring seasons, respectively.

Therefore, this paper studies the impact of factors such
as the temperature, air quality, traffic during rush hour, time
of the day, trip distance, and trip duration on influencing
transport mode decisions over the Summer, Autumn, Win-
ter, and Spring seasons. The modelling is performed by
the multinomial logit (MNL) technique, which is the most
popular technique in developing traffic demand models. In
fact, we also apply descriptive statistical analysis to identify
relationships and patterns in the dataset. This paper aims
to further extend our previous work in [16] in which we
model the impact of weather conditions and context data on
transport mode choices based on satellite positioning data.

The structure of the remainder of this paper is as fol-
lows. Section II presents the databases applied in this work
from the case study city of Beijing. The statistical analysis
and multinomial logistic regression model are described in
Section III. The model implementation and results are in
Section IV while the results are discussed in Section V. The
conclusions and future work are presented in Section VI.

II. CASE STUDY

The city for our case study is Beijing in China, which
is world’s largest developing economy. Due to its high
population density, Beijing has undergone rapid urbanization
and motorization resulting in to severe congestion and air
quality problems, hence making it an interesting case study
for this work.

In this section, we describe the datasets from which the
GPS trajectories and seasonal information are collected.

A. GPS trajectories

This dataset was collected during the Geolife Microsoft
project by 182 users from April 2007 to August 2012. During
the data collection, the users trajectories were recorded
by GPS loggers and phones [17]. Hence, in the dataset,
the GPS trajectories are described by a sequence of time-
stamped points, containing longitude, latitude, altitude, and
transportation mode labels.

A total of 2,754 labeled trajectories are collected specif-
ically in Beijing. In Table I shows the description of the
amount of data per transport mode in the dataset for Beijing.
A total duration of 1409.36 h and a total distance of 23959
km were recorded.

Looking at Table I, it can be observed that over 100 h
were recorded per transport mode and walking accounts for
the majority of the hours recorded. The latter is expected
given that walking is recommended as the best and most
efficient commuting mode in Beijing.

TABLE I: Descriptive of the amount of data per transport
mode in the dataset for Beijing

Mode % Transport mode share Duration (h) Distance (km)

Walk 46.2 408.49 1890.95

Bike 20.48 238.57 2591.77

Car 14.19 331.19 11637.42

Bus 13.14 313.14 5948.30

Train 5.99 117.97 1890.95

It is worth mentioning that this dataset has been applied
in different research fields such in transportation mode iden-
tification [18], user identification [19], trajectory completion
[20].

B. Seasonal information

Beijing has four distinct seasons which are influenced
by the temperate and continental monsoon climate. Summer
lasts about 120 days from mid-May to mid-September and
is quite hot and humid. Autumn season starts around mid-
September to mid-November. According to [21], it is rec-
ommended as the best time to visit Beijing for the season is
characterised by plenty of sunshine and cooler temperatures.
The Winter season starts from mid-November to mid-March,
while Spring starts mid-March to mid-May.

C. Matching Seasonal information to GPS trajectories

As mentioned earlier, the GPS trajectories from the Geo-
life dataset contain the location, date, time, and the transport
mode chosen by the traveler.

In matching the seasonal data to the GPS trajectories,
the date obtained from the GPS trajectories is used to
link the trajectories to their corresponding seasons. The
result generates season-related trajectories, where 1474, 679,
115, and 486 trajectories recorded in the Summer, Autumn,
Winter, and Spring seasons, respectively. Interestingly, this
result shows that more trips were conducted in Summer than
during the other seasons, which is in line with the findings
made by the authors in [13].

D. Seasonal effects of weather and context information on
transport mode choices

Based on the season-related trajectories, historical weather
condition data for the corresponding travel days in the
different seasons are collected from a meteorological station
located within the city of Beijing [22]. We specifically



analyse the seasonal effects of hourly temperature and air
pollution on the transport mode choices. Other weather
conditions such as the hourly relative humidity, precipitation,
wind speed are excluded from this study because they have
a limited impact on influencing transport mode choices in
Beijing as documented by our previous work in [16].

In our analysis, the weather conditions are classified
in to different levels, which helps to track the weather
changes. For instance Fig. 2 and Fig. 3 shows the changes
in temperature and air quality are classified in different
levels generated from published weather knowledge [23] and
[24]. A summary of the factors with continuous observable
variables is presented in Table II. Key results show that the
average temperature was about 24°C, 14°C, -0.2°C, and 14°C
during the Summer, Autumn, Winter, and Spring seasons for
the period in which the data was collected.

TABLE II: Descriptive characteristics of continuous observ-
able variables

Summer Autumn Winter Spring
Temperature (°C)
Maximum 38.5 30.4 17.0 31.5
Minimum 10.6 -5.3 -9.2 -3.7
Mean 24.4 14.3 -0.2 14.1
Air quality (µg/m3)
Maximum 500 481 406 356
Minimum 27 13 37 24
Mean 155.4 146.4 162.4 152
Trip distance (km)
Maximum 117.2 87.2 58.7 81.6
Minimum 0 10.86 0 1
Mean 7.9 6.7 10.6 10.1
Trip duration (min)
Maximum 674 636 552 410
Minimum 2 4 3 1
Mean 28 31 53 29

In addition context information such as the rush hour,
time of the day (day and night time), trip distance, and trip
duration are also considered. The definitions of rush hour
and time of day in Beijing are as follows: 7AM to 9AM
and 4PM to 8PM is the morning and evening rush hours,
respectively while night time is from 6PM to 6AM and day
time from 6AM to 6PM.

III. METHODOLOGY

In this section we present our approach, including the
statistical analysis and the multinomial logistic regression
modal.

A. Statistical analysis

In this section, we apply descriptive statistical analysis,
which is a common method in data analysis to analyse sea-
sonal effects on transport mode choices. Note that descriptive
analysis identifies relationships and patterns in the dataset
using graphs. However, the findings cannot be used to draw
conclusions about the population from which the sample data
has been extracted.

Fig. 2, Fig. 3, Fig. 4, and Fig. 5 show the effects of
temperature, air quality, trip duration, and trip distance on

the transport modes in the Summer and Winter seasons,
respectively. The graphs showing the results in the Autumn
and Spring season and the results showing the effects of
duration of the day, presence of traffic during rush hour are
excluded because of space limitations.

During the Summer, Fig. 2a shows that as temperature
increases, there is a decrease in the walking share while there
is an increase in the bus share. In Fig. 2b, it shown that during
Winter, whenever there is snow, the bike is the most preferred
transport choice, however as the temperature increases, the
bike share decreases and there is an increase in the bus share.

In Fig. 3a, we observe that as the air quality changes from
good (0-100) µg/m3 to terrible to (201-500) µg/m3, there is
a limited effect on the transport mode during the Summer.
However, during the Winter, Fig. 3b shows that as the air
quality turns from good to terrible, there is an increase in
the walking share and a decrease in the car share. Perhaps
a reason for the reduction in the usage of private cars could
as a result of vehicle controls introduced by the government
to reduce C02 emissions.

Fig. 4 shows how the trip duration influence our transport
mode decisions. For instance for any trip duration less than
20 min, walking and biking have the largest shares while for
trip durations beyond 20 mins, car, bus, train are the more
preferred transport mode choices. In fact, we see a similar
trend during the Summer and Winter seasons as showed in
Fig. 4a and Fig. 4b, respectively.

The seasonal effects of trip distance on transport mode
choices for the Summer and Winter seasons are shown in
Fig. 5. We see that trip distances have a tremendous effect
on the transport modes. This trend is similar in both Summer
and Winter seasons. For instance, in both seasons, for short
distance e.g. less than 6 km, walking and biking have the
highest share, but for trip distances beyond 6 km, either bus,
car, and train have the highest share, which is in line with
the findings in [25].

B. Multinomial logistic regression model

The MNL model is one of the most well-known statistical
models for analysing the relationship between two or more
variables. In fact, in analysing and predicting travel mode
choices among mutual alternatives, it is the most widely used
model.

In deriving this model, the decision rule, from which
the decision maker evaluates the alternatives is based on
maximizing the the Utility function, Uin, which is defined
as follows:

Uin = Vin + ϵin. (1)

The probability that a transport port mode i is chosen by
a traveler n from a set of transport mode choices Cn =
{1, 2, ..., i, ..., jn} is given by:

Pin = P [Vin + ϵin ⩾ Vjn + ϵjn,∀j ∈ Cn]

= P [(Vin + ϵin) = maxj∈Cn(Vjn + ϵjn)]

= P [ϵjn − ϵin ≤ Vin − Vjn,∀j ∈ Cn].

(2)



(a) (b)

Fig. 2: Seasonal effects of temperature on the transport mode choices : (a) Summer and (b) Winter

(a) (b)

Fig. 3: Seasonal effects of air quality on the transport mode choices : (a) Summer and (b) Winter. The levels 0-100 µg/m3,
101-200 µg/m3, and 201-500 µg/m3 mean that the air quality categorization is good, poor, and terrible, respectively.

(a) (b)

Fig. 4: Seasonal effects of trip duration on the transport mode choices : (a) Summer and (b) Winter

(a) (b)

Fig. 5: Seasonal effects of trip distance on the transport mode choices : (a) Summer and (b) Winter



where Vin is given in (3) by a vector of observable
variables zn and their coefficients γi:

Vin = γT
i zn. (3)

ϵin is the random term which expresses the errors of
the utility function. The error is independent and identically
distributed and takes on a Gumbel distribution. Pin is then
defined as:

Pin =
eVin∑

j∈Cn
eVjn

. (4)

However, coefficients of the MNL are not intuitive. There-
fore, marginal effects are often computed in (5) to predict the
amount of change in the transport modes shares due to one
unit change of the observatory variable in the model system.

∂Pin

∂zn
= Pin(γi − γi). (5)

IV. MODEL IMPLEMENTATION AND RESULTS

Four MNL models are developed on the basis of the
data collected in the four seasons. The main objective is to
quantify the magnitude by which these observatory variables:
temperature, air quality, traffic during rush hour, time of the
day, trip distance, and trip duration influence transport mode
decisions over the Summer, Autumn, Winter, and Spring
seasons.

The four MNL models are assigned the same observatory
variables to compare the results. The observatory variables
are considered as categorical except for the temperature,
which has been considered as a continuous variable.

The categorization is according to the definitions of the
historical weather and context information in Section II D.
In fact, the categories for the trip duration and trip distances
are developed based on relationships and patterns observed in
Fig. 4 and Fig. 5. For instance, a short duration trip is defined
as the trip whose duration is shorter than 20 min, otherwise
it is regarded as a long duration trip. Similarly, a short
distance trip is one where the distance traveled is shorter
than 6 km, otherwise it is regarded as a long distance trip.
This categorization is derived from the observation that short
distance and short duration trips are mainly accomplished by
walking or biking.

Five modes of transports whose statistics are presented
in Table I are considered as the dependent variable. The
modelling is done according to equations (1) to (5) and is
implemented via the software package Stata [26].

V. DISCUSSION

Table III reports the marginal effects for each variable
during the four calendar seasons on transport mode choices.
In general, the positive values show an increase in the
probability of choosing a given transport mode while the
negative indicate a decrease.

TABLE III: Marginal effects of the influence of seasons on
transport mode choices.

observatory
variables Transport modes

Walk Bike Car Bus Train
Summer
Temperature (°C) −0.001 −0.010∗∗ -0.001 0.011∗∗ 0.002∗∗

Air quality (µg/m3)
0 − 100 (good) ref ref ref ref ref
101 − 200 (poor) 0.015 −0.016 0.025 −0.027 0.003
201 − 500 (terrible) 0.039 0.040 0.005 −0.085∗ 0.0001
Long distance trip (km)
(ref. short distance trip) −0.631∗∗ −0.158∗∗ 0.314∗∗ 0.241∗ 0.233∗∗

Long duration trip (min)
(ref. short duration trip) −0.162∗∗ 0.097∗∗ −0.0004 0.087∗ −0.021∗∗

Rush hour
(ref. non rush hour) 0.041 0.004 −0.027 −0.006 −0.012

Day (ref. night) −0.069∗ 0.021 −0.0009 0.056∗ −0.006

Autumn
Temperature (°C) 0.006 −0.011∗∗ -0.0004 0.006∗∗ −0.0003

Air quality (µg/m3)
0 − 100 (good) ref ref ref ref ref
101 − 200 (poor) −0.072 0.091∗ −0.006 −0.018 0.006
201 − 500 (terrible) −0.084 0.164∗∗ −0.027 −0.040 -0.012
Long distance trip (km)
(ref. short distance trip) −0.541∗∗ −0.083 0.377∗∗ 0.111∗∗ 0.135∗∗

Long duration trip (min)
(ref. short duration trip) 0.126∗∗ −0.137∗∗ −0.027 0.039 −0.002

Rush hour
(ref. non rush hour) −0.054 0.126∗∗ −0.047∗∗ −0.002 −0.022

Day (ref. night) 0.106∗ −0.192∗∗ 0.025 0.059∗ 0.002

Winter
Temperature (°C) 0.025 −0.0001 0.0001 −0.025 −0.0003

Air quality (µg/m3)
0 − 100 (good) ref ref ref ref ref
101 − 200 (poor) 0.221 −0.006 −0.0069 −0.213 -0.002
201 − 500 (terrible) 0.110 −0.006 −0.0093 −0.102 -0.001
Long distance trip (km)
(ref. short distance trip) −0.371∗∗ −0.572∗∗ 0.999∗∗ 0.056 0.0005

Long duration trip (min)
(ref. short duration trip) 0.268 0.124 −0.003 −0.027 −0.221

Rush hour
(ref. non rush hour) 0.574 −0.011 −0.0005 −0.593 −0.0011

Day (ref. night) 0.574 0.004 −0.0001 −0.577 0.002

Spring
Temperature (°C) 0.001 −0.005 0.010∗∗ −0.042 −0.0001

Air quality (µg/m3)
0 − 100 (good) ref ref ref ref ref
101 − 200 (poor) −0.055 0.022 −0.006 0.036 -0.002
201 − 500 (terrible) −0.086 0.029 −0.102 −0.023 -0.011
Long distance trip (km)
(ref. short distance trip) −0.500∗∗ −0.392∗∗ 0.796∗∗ −0.019 0.115∗∗

Long duration trip (min)
(ref. short duration trip) −0.027 0.300∗∗ −0.354∗ 0.133∗ −0.051

Rush hour
(ref. non rush hour) 0.026 0.227∗∗ −0.150∗∗ −0.593 −0.089∗∗

Day (ref. night) −0.075 −0.037 −0.007 0.011 0.002

∗∗ Significant at α < 0.01 ∗ Significant at α < 0.05

A. Summer

During the Summer, it noticeable that as the temperature
increases, the probabilities of biking is expected to decrease
by 10% while the probabilities of choosing the bus and train
are expected to increase by 11% and 2%, respectively. This
result is in line with the findings by the authors in [27] and
[7] where too high temperature is found to favour motorised
transport over biking. Note that the reference for the temper-
ature is the average temperature for the corresponding season
[see Table II].

When the air quality becomes terrible, we observe that



there is a 8.5% decrease in probability of choosing the
bus perhaps due to vehicle controls put in place by the
government to reduce C02 emissions.

Long distance trips decrease the probability of walking and
biking by 63.1% and 15.8%, respectively, while increase the
car, bus, and train use by 31.4%, 24.1%, and 23.3%.

Long duration trips are expected to decrease the proba-
bility of walking and taking the train by 16.2% and 2.1%,
respectively, while increase the probability of taking the bike
and bus by 9.7% and 8.7%, respectively.

During the day time, we see a reduction in the likelihood
of walking by 6.9% and an increase in the use of the bus
by 5.6%. A possible reason is that during the day there are
more buses operating than at night.

B. Autumn

Similar to the Summer season, when temperature in-
creases, the probabilities of biking is expected to decrease by
11% while the probabilities of choosing the bus is expected
to increase by 6%.

We also see that when the air quality turns to poor and
terrible categories, the probabilities of choosing a more envi-
ronmentally friendly travel choice such as the bike increases
by 9.1% and 16.4%, respectively.

Long distance trips decrease the probability of walking
by 54.1% and increase the use of the car, bus, and train by
37.7%, 11.1%, and 13.5%, respectively.

Long duration trips increase the probability of walking by
12.6% while decrease the probability of biking by 13.7%.

During the day time, we see an increase in the likelihood
of walking and the use of the bus by 10.6% and 5.9%,
respectively, while there is a decrease of 19.2% in biking.

Unlike the Summer were rush hour traffic has no impact
on the choice of transport mode, during Autumn, a 4.7%
decrease in the use of the car and a 12.6% increase in the
use of the bike are expected.

C. Winter

In contrast to the Summer, Autumn and Spring seasons
were a number of factors influencing the transport mode are
observed, during the Winter, only the trip distance is found
to be significant. This result is also inconsistent with the
patterns observed in Fig. 2b, Fig. 3b, Fig. 4b and could
be explained by the few number of trajectories which are
recorded during the Winter from which the modelling has
been performed.

However, the model shows that during Winter, long dis-
tance trips decrease the probability of walking and biking
by 37.1% and 57.2%, respectively, while increasing the
probability of choosing the car by 99%.

D. Spring

During this season, the model predicts a 10% increment
in the car use when the temperature increases.

Long distance trips are expected to decrease walking ad
biking by 50% and 39.2%, respectively while increasing the
use of the car and train by 79.6% and 11.5%, respectively.

Long duration trips are expected to increase the use of the
bike and bus by 30% and 13.3%, respectively while decrease
the use of the car by 35.4%.

Rush hour increases the probability of using the bike by
22.7% while decreasing the probability of car and train use
by 15% and 8.9%, respectively. The result could possibly
be explained by the need to reduce or avoid congestion i.e.
traffic jams and congestion of people in trains.

VI. CONCLUSIONS

This study looked at seasonal factors that might affect
the transport mode choice in the city of Beijing, China. We
studied the effect of the following factors: temperature, air
quality, traffic during rush hour, time of the day, trip distance,
and trip duration.

Our results show firstly that seasons impacted transport
mode choices. Secondly, there were noticeable differences
on how factors influenced the transport modes depending on
the season. For instance, temperature, air quality, and time of
day mostly influenced the choice of transport modes during
the Summer and Autumn seasons.

Additionally, the traffic during rush hour only influenced
the choice of transport mode during the Autumn and Spring
seasons. Some similarities among the factors influencing
the transport mode choices were also noticeable among the
seasons. For instance, trip distance was found to impact
the transport mode in all seasons, while the trip duration
influenced the transport modes in all seasons except for the
Winter season.

There were limitations in this study, which introduced a
bias in the results. Particularly, the reduced number of GPS
trajectories recorded during Winter.
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