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Abstract: Bicycle usage is significantly affected by weather conditions. Climate change is, therefore,
expected to have an impact on the volume of bicycle traffic, which is an important factor in the
planning and design of bicycle infrastructures. To predict bicycle traffic in a changed climate in the
city of Berlin, this paper compares a traditional statistical approach to three machine learning mod‐
els. For this purpose, a cross‐validation procedure is developed that evaluates model performance
on the basis of prediction accuracy. XGBoost showed the best performance and is used for the pre‐
diction of bicycle counts. Our results indicate that we can expect an overall annual increase in bicycle
traffic of 1–4% in the city of Berlin due to the changes in local weather conditions caused by global
climate change. The biggest changes are expected to occur in the winter season with increases of
11–14% due to rising temperatures and only slight increases in precipitation.
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1. Introduction
Cities around the world are facing challenges due to climate change and are increas‐
ingly required to formulate and implement adaptation strategies for changed climate con‐
ditions [1]. In transportation planning, this is particularly important for trips that are
greatly affected by weather conditions, such as cycling trips. Many cities promote cycling
as a mode of transport as it does not emit carbon or any other harmful air pollutants and
contributes to a healthier lifestyle by increasing the amount of daily physical activity [2].
Therefore, planning future bicycle infrastructure will benefit from understanding the var‐
iations in bicycle usage brought about by the characteristics and the extent of climate
change.
However, the scholarly literature on the impacts of climate change on bicycle usage
is rather thin. Indeed, it is well understood how cultural, infrastructural, economic, and
sociodemographic factors affect bicycle usage [3–9]. Furthermore, many studies looked
into the impact of weather conditions on cycling rates and found significant effects of
temperature [10–14], precipitation [9,15–17], wind speed [18–20], snow [21,22], and hu‐
midity [6]. Rising temperatures generally tend to increase bicycle traffic, while adverse
weather conditions such as precipitation, snow, and high humidity usually have a nega‐
tive impact on bicycle usage. Ref. [23] provides a more comprehensive review of the
weather conditions whose impact on bicycle traffic was analysed.
In contrast, only two studies explicitly address the potential impact of climate change
on bicycle usage with different approaches. Ref. [24] compared people’s mobility behav‐
iour in years that weather‐wise resemble the conditions that are expected to be brought
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about by climate change to that in years which resemble average seasonal weather condi‐
tions at the moment in order to highlight the differences. Ref. [25] trained a negative bi‐
nomial model on bicycle count station data and current weather conditions and applied
it to predict future cycling rates on the basis of future weather conditions generated by
climate models.
Against this background, this study aims at enriching the scholarly literature by us‐
ing machine learning prediction algorithms and data from regional climate models to an‐
alyse the potential impact of climate change on bicycle usage. For this purpose, we focus
on the changes in air temperature, precipitation, and wind speed as predicted by regional
climate models, while keeping constant all other relevant factors such as infrastructure,
economic development, etc. In this way, it is analysed how we would cycle today if we
had the weather of tomorrow.
Hence, we follow the conceptual framework put forward by [25] but attempt to im‐
prove its accuracy by using machine learning models, which are known for their excellent
prediction accuracy [26,27]. We first train four different time series models (seasonal au‐
toregressive integrated moving average with exogenous factors (SARIMAX), Facebook
Prophet (Prophet), XGBoost, long short‐term memory neural network (LSTM)) on local
weather and bicycle count data for the city of Berlin. Hence, we compare the traditional
statistical approach SARIMAX to three are machine learning models suitable for analys‐
ing time series data. In a second step, we select the model with the highest prediction
accuracy (XGBoost) and apply it to predict bicycle traffic based on the altered weather
conditions that we expect in the future due to climate change.
The study is organised as follows. Section 2 presents the database and highlights nec‐
essary pre‐processing and data fusion. Section 3 introduces the modelling approach. Sec‐
tion 4 presents the results, which are further discussed in Section 5, before conclusions for
practitioners are drawn in Section 6.
2. Materials
Bicycle counts, weather, and climate data constitute the primary database for our
study, which is described in more detail in the following two subsections. First, we explain
how the data from the bicycle count stations in Berlin were prepared and aggregated to
the daily level for further analysis. Thereafter, we provide a brief overview of the sources
of weather and climate data used in this paper. In particular, we explain how the projec‐
tions of future weather conditions for regional climate models are used in combination
with the local weather conditions measured in Berlin in 2017, 2018, and 2019 to generate
three scenarios of future weather conditions that we expect to be brought about by climate
change.
2.1. Bicycle Count Data
Bicycles constitute an important means of transport in Berlin and account for 15% of
the modal split of all trips conducted on a typical day [28]. For a more precise picture of
its bicycle traffic, the city of Berlin started to install automatic bicycle count stations in
2012 [29]. Altogether, 26 bicycle count devices were installed throughout the city by 2020.
Each device automatically detects the bicycles passing by and reports the aggregated
number of cyclists per hour.
After data preparation and the exclusion of count stations with too many missing
values (see Appendix A for more details), 17 bicycle count devices remained. Figure 1
shows the locations of the remaining bicycle count devices.
The count stations cover the whole area of the city including central, northern, east‐
ern, southern, and western parts. Furthermore, most of the count stations are located in
areas in which large shares of the population of Berlin live (see also Figure A2 in the Ap‐
pendix A). Therefore, we assume that they represent the entire volume of bicycle traffic
in Berlin quite well so that daily, weekly, monthly, seasonal, or yearly variations in the
actual volume of bicycle traffic are also present in our data. Our rather conservative
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approach to data preparation gave rise to a data set with consistent patterns across the
different count stations.

Figure 1. Locations of bicycle count stations in Berlin and corresponding infrastructure type.

After data preparation, various statistical tests were performed to check the station‐
arity of the time series and to analyse whether the bicycle counts at the different count
stations follow similar seasonal patterns and react to weather conditions in a similar man‐
ner. In particular, we looked at the mean and variance of the different count stations, com‐
puted correlation matrices and correlation coefficients, and conducted the Augmented
Dickey–Fuller Test and the Kwiatkowski–Philipps–Schmidt–Shin Test. The details of this
procedure are described in Appendix A.
All of these analyses have shown that our data can be regarded as stationary. In gen‐
eral, stationarity is an important concept in time series analysis and denotes that the sta‐
tistical properties of a time series such as the mean and the variance do not change over
time. Stationarity also implies that there is no trend in the time series data such as a linear
growth trend, for example, which leads to increasing values in the data from year to year.
In our case, stationarity implies among other things, that the volume of bicycle traffic
measured at each count station reacts in a very similar way to changes in weather condi‐
tions over the entire period of time covered by our data.
The bicycle counts from these remaining devices were aggregated to a daily level for
two reasons. First, we are interested in predicting the impact of climate change on the total
volume of bicycle traffic in Berlin and not on the number of bicycle counts at individual
stations. Second, the climate change data are generally provided on that level. There are
procedures to narrow the data down to the hourly level but these would increase the un‐
certainty considerably.
Our data show a mean of 34,452 bicycle rides per day with a standard deviation of
479. The maximum number of bicycle rides was recorded on 21 June 2017 at 71,367, while
the minimum was detected on 8 January 2017 at 2864. The total number of bicycle counts
per year varied from 11.7 million in 2017 to 13.1 million in 2018 and 13.0 million in 2019.
Figure A1 in the appendix provides a graphical illustration of our data with plots of the
daily bicycle counts at each station as well as the aggregated number of counts over all
stations.

Sustainability 2021, 13, 10254

4 of 24

2.2. Using Outputs from Regional Climate Models to Generate Future Weather Scenarios
In order to predict the impact of climate change on the volume of bicycle traffic, we
generate changed local weather conditions for the year 2050 according to the three differ‐
ent Representative Concentration Pathways of the IPCC: RCP2.6, RCP4.5, and RCP8.5.
RCPs are trajectories of greenhouse gas concentration in the atmosphere describing dif‐
ferent climatic futures adapted by the IPCC.
These emission scenarios for climate change should not be seen as forecasts or pre‐
dictions of future climate conditions but rather as expert judgements of plausible future
emissions based on socioeconomical, environmental, and technological developments in‐
corporated in integrated assessment models. Since the future evolution of anthropogenic
factors cannot be known in advance, the possible effects are presented in different scenar‐
ios describing several possible emission pathways [30].
RCP2.6 (meaning the radiative forcing is 2.6 Watts per square metre (W/m²) in 2100)
shows a peak in greenhouse emission concentration around 2040 and then declines,
RCP4.6 stabilises at ~4.5 (W/m²) after 2100, and RCP8.5 increases constantly even after
2100. Therefore, RCP8.5 can be regarded as a “business as usual” scenario in which no
climate protection actions are realised, even after 2100. RCP2.6 represents a “moderate”
emission scenario and RCP2.6 can be seen as a “climate protection” scenario. For more
detailed information on RCPs and their societal and environmental implications, see [30].
This study uses outputs of a regional climate model (domain: EUR‐11, driving model
name: MPI‐ESM‐LR, realisation: r1i1p1, frequency: day) developed and calculated by the
EURO‐CORDEX initiative, which aims at downscaling global climate projections to a re‐
gional scale (12 km ground resolution) for the European continent [31–33]. In fact, the
EURO‐CORDEX initiative ran many different simulations with various regional climate
models downscaling the output of 10 different global climate models. In order to decrease
uncertainty and to avoid biases due to the features of a particular model, this study uses
the output of one of those models whose simulations of maximum air temperature, sum
of precipitation, and mean wind speed most often fell into the range of median values of
the outputs of the different models for the three RCPs. To produce realistic climatic sce‐
narios, the characteristics of their weather conditions need to be consistent with the actual
weather in Berlin. Realistic refers to yearly distributions of weather conditions in terms of
their mean, variance, and range as well as the number of extreme weather events such as
hot days (≥30 °C) or days with heavy rain (≥10 mm). To do this, we adapt the output of
regional climate models that predict the expected climatic changes to local weather con‐
ditions that were measured in Berlin in 2017, 2018, and 2019.
Therefore, we carry out the following data preparation steps: First, we link daily
measurements from a local weather station to the bicycle counts to generate the training
basis for the forecast model (see Section 3.2). Second, we calculate the absolute changes in
weather conditions between historical and forecast periods from a regional climate model
to extract the expected impact of climate change. Third, we adapt these expected changes
to the weather conditions measured in Berlin in 2017, 2018, and 2019 in order to generate
realistic local weather conditions for 2050. The details of this procedure are described in
Appendix B.
The results of the data processing are synthetic distributions of the weather variables
for each day of the year, reflecting the expected changes in weather from the future climate
scenarios of RCP2.6, RCP4.5, and RCP8.5. These synthetic distributions will be fed into
our time series model to predict the volume of bicycle traffic in 2020 under the changed
weather conditions that we expect climate change to bring about. Figure 2 illustrates the
results of our adaptation procedure for the RCP8.5 scenario and outlines the synthetic
future values generated in relation to the weather station’s average daily maximum air
temperature, sum of precipitation, and mean wind speed values in 2017, 2018, and 2019.
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Figure 2. Yearly distributions of the synthetically generated future weather conditions and averaged weather station data
from 2017, 2018, and 2019. The dashed blue line shows the reference value of the respective weather variable (top: maxi‐
mum air temperature averaged over 2017, 2018, and 2019; centre: absolute precipitation averaged over 2017, 2018, and
2019; bottom: absolute wind speed averaged over 2017, 2018, and 2019). The orange line illustrates the yearly distributions
of the synthetically generated weather variables based on the data from the RCP8.5 scenario. The RCP2.6 and RCP4.5
scenarios are excluded from the figure for illustrative purposes.

As can be seen, our adaptation procedure resulted in realistic yearly distributions of
the three weather variables: maximum air temperature, sum of precipitation, and mean
wind speed (see also the results section for a more quantitative comparison). Realistic in
this case means two things. First, the data meet the expected changes to be brought about
by the different climate change scenarios in the number of extreme weather events as de‐
fined by the German Weather Service [34,35], such as hot days (≥30 °C) or days with heavy
rain (≥10 mm) (see [33]). Second, the mean, the variation, and the range of the daily values
of the three weather variables also reflect the expected changes to be brought about by the
different climate change scenarios [33]. Hence, our adaptation procedure resulted in three
different yearly distributions for 2020 that realistically portray the mean changes in local
weather conditions in Berlin that can be expected until 2050 on the basis of RCP2.6,
RCP4.5, and RCP8.5.
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3. Methods
In this section, we explain our methodological framework in more detail. For this
purpose, we first illustrate the general research design of this study. Subsequently, the
four time series models that were chosen for comparison are described before we illustrate
the cross‐validation procedure developed for model selection. Finally, it is outlined what
independent variables were used (see Table 1) and how the different models were tuned
on the basis of the cross‐validation procedure.
3.1. Research Design
Figure 3 illustrates the research design of this study including model selection, data
preparation, and prediction.

Figure 3. Research design. Green arrows indicate processes that refer to model selection and training, while red arrows
denote data preparation steps and blue arrows refer to prediction processes.

We chose to compare three machine learning models to one traditional statistical ap‐
proach for time series analysis which can be seen as a sort of benchmark. For this
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comparison, a cross‐validation procedure was developed based on the bicycle count data
of 2017–2019 which were enriched with the measured weather conditions for the same
period. The cross‐validation procedure was used to tune the four models and to select the
best model on the basis of prediction accuracy.
The trained algorithm is then used to predict bicycle counts for a future year using
synthetically generated weather conditions. As we have measured weather data and bi‐
cycle counts for 2017, 2018, and 2019, we predict the bicycle traffic volume of 2020 under
the changed climatic conditions of 2050 considering the three climate change scenarios
RCP2.6, RCP4.5, and RCP8.5 in order to generate a consistent time series. This means that
we use the different models to predict bicycle volume in 2020 in combination with weather
data for 2050.
3.2. Forecast Models
In the following, we describe the four models that we chose to compare in this study.
All four methods were selected due to their ability to model time series data. As the ob‐
jective is to find the best method for the prediction of bicycle counts, prediction accuracy
was used as the central benchmark in the cross‐validation procedure. This suggests the
use of machine learning models instead of traditional statistical approaches, as the former
are directly optimised on increasing the prediction accuracy, while the latter are optimised
on improving model fit [36]. Thus, three machine learning models and one traditional
statistical approach are compared with regard to their prediction accuracy in this paper.
Seasonal autoregressive integrated moving average with exogenous factors (SARI‐
MAX) constitutes the classic statistical approach for modelling time series data with sea‐
sonality [37]. SARIMAX models are parametric approaches based on the concepts of au‐
toregression and moving averages [37]. As such, they allow a relatively straightforward
interpretation of the relationships between the independent and the dependent variables
and constitute a popular tool for analyses of time series data which aim at clarifying these
relationships [6].
Prophet is a generalised additive model developed by Facebook for time series anal‐
yses [38]. It is a non‐parametric approach in which the dependent variable is estimated by
an addition of functions of the trend in the data, the seasonality, and the holidays as well
as an error term [38]. While the trend function uses either a logistic or a linear growth
model to capture the trend in the data accurately, the seasonal function relies on Fourier
series to model periodic seasonality [38]. The holiday function incorporates the changes
induced by specific, reoccurring events such as public holiday by assigning each holiday
a parameter corresponding to its impact on the dependent variable [38]. These features
make prophet models more flexible in terms of detecting complex relationship patterns in
the analysis of time series data than SARIMAX approaches, while preserving some degree
of the interpretability.
XGBoost constitutes a regression tree‐based ensemble algorithm with a gradient
boosting framework [39]. Hence, XGBoost is used for fitting multiple regression trees,
each based on a random subsample of the data, which are pooled into a so‐called ensem‐
ble. The boosting principle denotes that each tree is built on previous trees with particular
emphasis on the mis‐modelled values so that the overall prediction performance improves
gradually. Thus, each tree constitutes a separate function and the final prediction output
of the dependent variable is the sum of these functions [39]. These mechanisms increase
the predictive power of XGBoost, yet they also decrease its interpretability. While ap‐
proaches to measure the importance of the independent variables in predicting the de‐
pendent one have been developed, these interpretations rely solely on the data used and
do not make any assumptions on general distributions of the variables beyond the data
set [40].
Long short‐term memory is an artificial recurrent neural network architecture which
is well suited for predictions based on time series data due to its reliance on sequences
rather than single values [41,42]. As all neural networks in general, lstm is a highly flexible
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model able to adapt to diverse and complex patterns in different kinds of data ranging
from tabular data (as in our case) to audio or visual data [41,42]. Yet, this flexibility comes
at the price of decreased interpretability. Indeed, in spite of increasing efforts to open up
the black box of neural networks [43], it still remains difficult to reveal the detected pat‐
terns in the data analysed in an understandable manner.
3.3. Cross‐Validation
For selection of the best model, we developed a cross‐validation procedure based on
the concepts of simulated historical forecasts and rolling windows. This means that first,
we had to specify a cut‐off date. Then, we performed the first training on the data from
the first date the data provide up to this cut‐off date, and we made predictions for a spec‐
ified time period of the remaining data after the cut‐off date, called the forecast horizon.
During consecutive training, the cut‐off date was shifted forward in time by half the num‐
ber of days of the forecast horizon and we repeated training based on the increased train‐
ing data set before making predictions for the new forecast horizon, which extended into
the future from the new cut‐off date.
The development of this cross‐validation procedure included the testing of many dif‐
ferent specifications. It was, for instance, also tried to shift the cut‐off date forward day by
day, by a week, a month, a quarter of the year, etc. In fact, often the results in terms of the
prediction accuracy did not differ that much between different cross‐validation ap‐
proaches. However, the cross‐validation procedure presented in this paper is the one that
generally led to the best results, even if not by large margins.
To provide an example of the cross‐validation procedure developed: If 1 July 2017
was chosen as the first cut‐off date and the forecast horizon was specified by 30 days, then
the first training was performed on data from 1 January 2017 to 1 July 2017 and predictions
were made for the first 30 consecutive days after 1 July 2017. For the next training, the cut‐
off date was shifted by half the number of days of the forecast horizon to 16 July 2017, the
algorithm was trained on data from 1 January 2017 to this new cut‐off date, and predic‐
tions were made for the first 30 consecutive days after 16 July 2017. This process was re‐
peated until the shift of the forecast horizon extended beyond the last date of our data set
(31 December 2019).
The final step in our cross‐validation procedure was to calculate the mean absolute
percentage error. This was realised by first calculating the mean absolute percentage error
for each specific day of the predictions in consecutive order, then taking the mean of the
mean absolute percentage error for the same days of the different prediction rounds, and
finally taking the mean of the mean absolute percentage error for each day of the forecast
horizon. In the example above, this means first calculating the mean absolute percentage
error for the first day of the forecast horizon for the different predictions, then taking the
mean of these calculations, repeating the same procedure for each other day of the forecast
horizon, and finally taking the mean of the mean absolute percentage errors for each day
of the forecast horizon.
3.4. Model Tuning
Based on our cross‐validation procedure, we tuned the four different methods with
the ambition of minimising the mean absolute percentage error for a forecast horizon of
365 days because our objective was to use the best model for the prediction year of 2020.
All models were initially tested with the same set of features, including the numerical
variables maximal air temperature, sum of precipitation, and mean wind speed as well as
the categorical variables day of the week, month, and year, and the dummy variables pub‐
lic holiday and school holiday. Table 1 provides an overview of the independent and de‐
pendent variables:
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Table 1. Independent and dependent variables.

Name
Independent variables
Maximal air temperature
Sum of precipitation
Mean wind speed
Day of the week
Month
Year
Public holiday
School holiday
Dependent variable
Bicycle counts

Data Type

Unit

Temporal Resolution

Numeric
Numeric
Numeric
Categorical
Categorical
Categorical
Dummy
Dummy

° Celsius
Millimetres
Metre per second
‐
‐
‐
‐
‐

Daily (maximum)
Daily (sum)
Daily (mean)
Daily
Monthly
Yearly
Daily
Daily

Numeric

‐

Daily

As single days constitute our temporal level of analysis, each feature comprises 1095
observations that together cover the three years 2017, 2018, and 2019. As there is no linear
trend in the bicycle counts in Berlin (see Section 2.1), we do not have to apply differencing
transformations to our data. Consequently, it also means that our predictions for the year
2020 will have no linear trend that would predict a rise or decline in the bicycle counts,
irrespective of the weather.
We applied the auto.arima function from the forecast package in R to evaluate the
SARIMAX method. As the auto.arima function automatically detects the best combina‐
tions of p (autoregression order), d (difference order), and q (moving average order) values
as well as the seasonal components P (seasonal autoregression order), D (seasonal differ‐
ence order), Q (seasonal moving average order), and m (the number of time steps for a
single seasonal period) based on the Bayesian Information Criterion (BIC), we did not
perform any further manual parameter tuning for the SARIMAX method. The best model
had the configuration of SARIMAX(3, 1, 1) (0, 1, 0 (365)) and a BIC of 15,826.
Prophet was developed with the specific intention of providing a tool that works
quite well out of the box. Thus, using its implementation in the prophet package in R, we
allowed the model to automatically detect the yearly, weekly, and daily seasonalities in
our data set (with the default Fourier order of 10). We also tested the model by manually
adding monthly seasonalities with a Fourier order of 12 and chose the additive instead of
the multiplicative seasonal effect because we did not observe any changes in the strength
of the seasonal patterns over the three years in our data set. We also chose the linear
growth model because in general, it still seems more appropriate for the development of
bicycle counts than the logistic growth model, although we did not detect a linear trend
in the three years of our data.
For XGBoost, implementation in the library named likewise in Python was used. We
chose the “dart” booster and linear regression as the objective. Since XGBoost was not
developed to automatically detect specific patterns in time series data, categorical varia‐
bles for the day of the week, month, and year were added to the training data set as well
as the first lag of our bicycle count data.
For training of the LSTM, based on the keras and tensorflow packages in R, variables
such as day of the week, month, and year were transformed into binary subvectors using
one‐hot‐encoding. Together with the numerical features (air temperature, precipitation,
and wind speed), these one‐hot‐encoded variables were then scaled based on the mini‐
mum and maximum of the training data to a range of −1 to 1. In a manual trial and error
approach, different configurations with one and two hidden layers; a batch size of one,
five, and 73; SGD, Adam, and Adamax as optimisers; dropout rates of 0.05, 0.1, 0.2, 0.3,
and 0.5; varying numbers of units in the first and the second hidden layer were tested
with 50, 100, 500, 1000, and 2000 epochs. All algorithms were tested with and without
weather information.
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4. Results
This section first describes the results of our model comparison and selection. There‐
after, the prediction results of the XGBoost model are illustrated for the bicycle traffic in
2020 under the synthetically generated weather conditions.
4.1. Model Performance, Comparison and Selection
We used our cross‐validation procedure to perform an exhaustive grid search for
Prophet and XGBoost to find the optimal configuration of hyperparameters. For Prophet,
this resulted in 5 for seasonality.prior.scale, 0.05 for changepoint.prior.scale, and 20 for
holidays.prior.scale. The optimal values for XGBoost were 0.01 for eta, 0 for gamma, 15
for max_depth, 5 for min_child_weight, 0.5 for subsample, and 1 for colsample_bytree.
The manual trial and error approach applied for the LSTM resulted in two hidden layers
with 100 and 50 units, dropout rates of 0.2, a batch size of 5, the Adam optimiser, the mean
absolute error as loss function, the hyperbolic tangent activation function, and 50 epochs
yielding the lowest mean absolute percentage error.
Figure 4 shows the results of our cross‐validation procedure for the best model spec‐
ifications of all four methods for six different forecast horizons.

Figure 4. Cross‐validation results for different forecast horizons. The colours represent the different methods compared.
The dashed lines show the mean absolute percentage error when only the bicycle counts were used for prediction. The
solid line illustrates the mean absolute percentage error for the predictions based on bicycle counts and weather variables.

The prediction accuracy of all four methods improves considerably if not only the
bicycle count data are used for training but also the weather station measurements on
daily maximum air temperature, sum of precipitation, and mean wind speed. This illus‐
trates once more the importance of including weather conditions when modelling bicycle
traffic. In particular, the parametric SARIMAX approach improves considerably when the
weather conditions are included as further independent variables in the model.

Sustainability 2021, 13, 10254

11 of 24

Furthermore, it can be seen that the prediction error increases for all methods if the fore‐
cast horizon is extended to 365 days.
Our XGBoost configuration, trained on the bicycle counts and the weather station
measurements, clearly yields the best prediction accuracy for all six forecast horizons. Its
mean absolute percentage error is 11% for the forecast horizon of 365 days, while the er‐
rors for LSTM, Prophet, and SARIMAX are 20%, 25%, and 38% respectively. XGBoost was
therefore chosen for prediction of the future bicycle counts based on the synthetically gen‐
erated future weather conditions derived from global and regional climate science mod‐
els.
Unfortunately, the relatively high prediction accuracy of machine learning ap‐
proaches comes at the disadvantage of a more difficult interpretation of the results. In‐
deed, it is rather difficult to illustrate why one model performs better than the other. We
assume, however, that the structure of our data in terms of size and heterogeneity is not
complex enough to fully exploit the advantages of neural network approaches such as
LSTM. These constitute generally the most flexible machine learning methods being able
to adapt relatively well to complex non‐linear relationships in the data. Yet, our data only
comprised a very limited number of variables and cases by machine learning standards.
In contrast, XGBoost is based on regression‐trees which in our case appears to better
capture the underlying relationships in our data. This might be due to the fact that the
relationship between temperature and bicycle traffic is of a rather linear nature. However,
the relatively bad performance of the SARIMAX approach indicates that there are reve‐
nant non‐linear relationships in our data that are better captured by non‐parametric ma‐
chine learnings methods than by traditional parametric statistical approaches.
4.2. Predictions
Figure 5 illustrates the actual bicycle count data of 2017, 2018, and 2019 and the pre‐
dicted bicycle counts per day for the year 2020 on the basis of the weather conditions of
the three different RCPs in 2050.
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Figure 5. Actual daily bicycle counts and future predictions. The black line illustrates the actual bicycle counts detected in
2017–2019. Therefore, these values are the same ones for all three RCPs. The light blue line shows the prediction of the
bicycle counts which different among the RCPs due to different weather conditions.

Our model seems to capture the general seasonal patterns quite well and to some
extent also accounts for the expectable daily variations. Table 2 summarises the syntheti‐
cally generated future weather conditions for 2020 and the predicted bicycle traffic for the
three representative concentration pathways compared to the weather station measure‐
ments and the actual bicycle count data of 2017, 2018, and 2019.
Table 2. Weather station measurements, synthetically generated future weather conditions, actual bicycle counts, and
prediction results.

Season
2017
2018
Maximal daily air temperature in °Celsius (mean)
Spring
15.35
16.38
Summer
24.18
27.19
Autumn
14.22
16.11
Winter
4.19
5.17
Daily precipitation in mm (sum)
Spring
89.8
103.5
Summer
400.4
97
Autumn
191.4
55.7
Winter
114.8
119.7
Total
796.4
375.9
Daily wind speed in m/s (mean)

2019

2020 (RCP2.6)

2020 (RCP4.5)

2020 (RCP8.5)

15.21
27.30
15.17
6.65

15.94
26.43
16.18
5.74

16.34
27.65
15.92
5.97

16.98
27.92
17.19
6.52

91
198.6
140.1
94.8
524.5

120.92
393.33
194.54
137.18
845.86

116.36
349.76
246.66
113.84
825.61

129.18
401.68
208.18
125.99
865.01
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Spring
3.85
3.88
Summer
3.35
3.47
Autumn
3.62
3.39
Winter
3.91
3.86
Specific weather events (number of days)
Hot days * (≥30
8
31
°C)
Dry days *
171
240
Days with heavy
22
7
rain *
Days with moder‐
ate or strong
40
34
winds *
Bicycle counts (sum)
Spring
3,189,554
3,369,275
Summer
4,014,512
4,487,628
Autumn
3,004,748
3,487,274
Winter
1,450,916
1,755,762
Total
11,659,730
13,099,939

4.23
3.26
3.22
3.87

3.95
3.23
3.41
3.76

3.90
3.17
3.32
3.71

3.92
3.24
3.35
3.70

26

16

24

26

207

213

227

209

13

20

17

19

37

37

37

34

3,301,122
4,386,066
3,268,441
2,009,325
12,964,954

3,215,209
4,281,880
3,285,980
1,931,819
12,714,888

3,317,420
4,317,930
3,222,224
1,974,888
12,832,461

3,340,132
4,377,109
3,396,897
1,982,382
13,096,522

* Hot days refers to days with a maximum air temperature of at least 30 °C. Dry days are days with less than 0.1 mm
precipitation. Days with heavy rain refers to days with a precipitation of at least 10 mm. Days with moderate or strong
winds refers to days with a mean wind speed of at least 5.5 m/s (Beaufort 4).

In a nutshell, the results indicate that climate change will contribute to an overall rise
in bicycle traffic in Berlin if all other relevant factors are held constant. More specifically,
we expect an increase in bicycle traffic compared to the mean total of 12,574,874 for the
three years 2017, 2018, and 2019 for all representative concentration pathways (RCP2.6:
+140,013; RCP4.5: +257,587; RCP8.5: +521,647). This corresponds to an overall expected
relative increase of 1.1% for RCP2.6, 2.1% for RCP4.5, and 4.1% for RCP8.5. This general
increase, however, varies significantly between the seasons and is slowed down partly by
the expected increase in precipitation.
We expect the highest rise in bicycle traffic in the winter season. Compared to the
mean bicycle traffic for the winters of 2017, 2018, and 2019, our model predicts an increase
of 11.1% in RCP2.6, 13.6% in RCP4.5, and 14.0% in RCP8.5. The main reason for this is the
expected increase in air temperature in winter. Its positive impact on bicycle traffic out‐
weighs the negative impact of the increase in precipitation that is also expected. In addi‐
tion, comparison of the future predictions with the actual bicycle counts highlights the
very high bicycle traffic in the exceptionally warm and dry winter months of 2019. Only
the winter conditions in RCP8.5 lead to similar bicycle traffic, while the bicycle traffic pre‐
dicted for a typical winter season in RCP2.6 and RCP4.5 remains below the level of 2019.
This large increase in bicycle traffic expected during winter outweighs all the changes
in bicycle traffic predicted for the other seasons together. In a typical spring season in
RCP2.6, we expect a decrease in bicycle traffic by 2.2% due to relatively high precipitation.
In RCP4.5, the average maximum air temperature rises a bit, while precipitation is a bit
lower than in RCP2.6, so an increase of 0.9% in bicycle traffic is predicted. In a typical
spring season in RCP8.5, bicycle traffic is predicted to increase by 1.6% as the effects of
higher air temperatures outweigh the impact of the increasing precipitation.
In fact, the relative changes in air temperature and precipitation due to climate
change are the most important factors affecting the increase or decrease in bicycle traffic
predicted for the different seasons. In summer and autumn in RCP2.6 and RCP4.5, the
average maximum daily air temperature is expected to rise a bit but the expected relative
increase in precipitation is even higher with the result that the predicted overall changes
in bicycle traffic remain at a low level. For a typical summer season, our model predicts a
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decrease of 0.3% in RCP2.6 and an increase of 0.5% in RCP4.5, while in autumn, bicycle
traffic is predicted to increase by 1.0% in RCP2.6 and to decrease by 1.0% in RCP4.5. In
contrast, in RCP8.5, bicycle traffic is predicted to increase by 1.9% in summer and by 4.4%
in autumn, reflecting, above all, the higher increases in the average maximum daily air
temperature in comparison to RCP2.6 and RCP4.5.
5. Discussion
Our results show that climate change will lead to an overall increase in annual bicycle
traffic in Berlin of between 1% and 4%. During winter, in particular, bicycle traffic might
increase by 11–14% due to higher air temperatures and only a relatively low increase in
precipitation. Although increases in air temperature are also expected in the other seasons,
their positive effect on bicycle traffic is offset by relatively high increases in precipitation,
which can even lead to a decrease in predicted bicycle traffic for some seasons, consider‐
ing the representative concentration pathways 2.6 and 4.5.
This overall positive effect of climate change on bicycle usage in Berlin corresponds
to the findings of [24] for the region of Randstad in the Netherlands. In addition, [24] also
found that climate change might lead to a higher bicycle usage in winter due to milder
temperatures and only slightly more precipitation. However, the results of [24] for the
summer season show a decrease in bicycle traffic due to more intense precipitation ex‐
pected to be brought about by climate change. The findings of our study also differ a bit
from those of Wadud [25], produced for bicycle traffic in London. First, our expected an‐
nual increase with 1–4% is larger than his of 0.5% [25]. Second, he predicts the largest
seasonal increase of 2.5% for the season of summer, while we expect the largest increases
to occur in future winters [25].
The differences in our results and the other two studies could be based on the differ‐
ent historical weather data for Berlin, London, and Randstad, on different changes in the
local weather expected to be brought about by climate change due to geographical differ‐
ences, or on different reactions of cyclists to weather conditions in the three locations.
Thus, the comparison of the results should be treated with care and rather illustrates the
importance of further research on the impact of weather conditions on mobility behaviour
in different climate zones.
However, given the fact that nearly all studies worldwide observe similar effects of
weather patterns on cycling rates [23], it can be assumed that cities with similar climatic
conditions (humid continental climate with dry winters and warm summers [44]) as Berlin
and similar expected changes due to climate change can also expect similar impacts on
cycling rates. This counts especially for European cities with a continental climate such as
Prague, Warsaw, Vienna, Bratislava, Budapest, Kiev, etc.
Furthermore, it should be kept in mind that the annual changes in bicycle traffic
might also be affected by population growth. Based on the data of the Office for Statistics
for the region of Berlin and Brandenburg [45], we calculated annual growth rates of 1.08%,
0.87%, and 0.68% for the years 2017–2019. These are modest growth rates but other cities
might have a more dynamic population growth, in which case, this factor should defi‐
nitely be addressed in the analysis and also in the comparison with the results of this
study.
Finally, the reliability of the results of this study also depends on the outputs of the
climate change models. As already illustrated, regional and global climate models rely on
various assumptions about ecological, economic, social, and technological developments
and thus naturally come with a lot of uncertainties. To account for this uncertainty, vari‐
ous regional climate models based on the output of different global climate models simu‐
lating three different scenarios were run and compared with each other. This constituted
the state‐of‐the‐art procedure in climate science at the moment when this study was con‐
ducted.
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6. Conclusions
In this paper, we introduce machine learning methods for the prediction of future
bicycle traffic based on bicycle count, weather station, and regional climate model data.
Our results have shown a higher prediction accuracy of machine learnings methods in
comparison to a traditional statistical approach for time series modelling. This should be
considered by future studies that are more interested in predicting accurate results based
on well‐known relationships between dependent and independent variables than on ex‐
ploring the nature of these relationships.
Furthermore, in contrast to model fit measures such as the Akaike information crite‐
rion, which is often used for model selection in traditional statistical approaches, but
which cannot be directly calculated for non‐parametric approaches, we developed a cross‐
validation procedure with the mean absolute percentage error as the central benchmark
for model selection. This increases the comparability of the performance of our methodo‐
logical framework to future studies as the mean absolute percentage error can easily be
calculated for both parametric and non‐parametric approaches.
Our results show that bicycle traffic in Berlin will most likely increase due to the ef‐
fects of climate change, if all other factors remain constant. City planners should consider
these findings since they need to prepare infrastructures that are suitable for changes in
demand and allow for increased requirements for more sustainable mobility. In particu‐
lar, the expected increase in cycling in the darker winter months contributes to a higher
traffic load on bicycle lanes throughout the year, providing an additional argument for
the further extension of street lighting and bicycle infrastructure in general. This might
also increase public and political acceptance of the need to redistribute public space for
bicycle usage.
In addition to the specific results, our research also highlights the importance of in‐
cluding weather conditions in any analysis of mobility behaviour in general. The predic‐
tion accuracy of all four methods compared improved considerably if not only bicycle
count data were used for training but also the weather information regarding maximum
daily air temperature, sum of precipitation, and mean wind speed. This not only illustrates
the importance of weather conditions for bicycle traffic but also paves the way for further
research which might investigate what other modes of transport benefit or suffer from
increases or decreases in bicycle traffic due to climate change, and to what extent different
groups of people, in terms of age, gender, etc., adjust their mobility behaviour to weather
conditions.
However, the inclusion of weather variables has also illustrated the limitations of our
approach. Our findings on the potential impact of climate change on bicycle traffic in Ber‐
lin are hardly comparable to the results of similar studies on other locations due to differ‐
ent present weather conditions and differing impacts of climate change. Therefore, more
studies in different geographic and climatic regions are needed to better understand the
impacts that climate change might have on mobility behaviour in different parts of the
world.
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Appendix A
As the count devices were installed at different points in time and as some of them
were occasionally out of operation or showed unreasonable results, some data prepara‐
tion was needed to produce a consistent data set for our analysis. As our objective was to
predict the volume of bicycle traffic for each day of an entire year, we decided to train our
algorithm on data available for entire years. This left us with data for the years 2017, 2018,
and 2019, as around half of the stations went into operation in 2016. Four count devices
were excluded from further analysis because they showed missing values over several
days, weeks, or months in a row.
Missing values at the remaining stations were imputed by taking the mean of the
previous and following hour. If missing values occurred at 11 pm on 31 December 2019,
the value of the previous hour was used. Days with zero bicycle counts were regarded as
extremely unlikely under regular conditions and thus taken as an indicator for irregular‐
ities. Three stations showed consecutive days with zero bicycle counts over several
months. Two other stations showed extremely low or extremely high values over several
months. In both cases, these time periods were deemed too long for data imputation and
thus, all five stations were excluded from further analysis.
Figure A1 illustrates the sum of the bicycle counts per day per stations for the re‐
maining 17 devices after data preparation.
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Figure A1. Bicycle counts for each count station per day from 2017 to 2020. * The aggregated number of all stations on the
bottom right of the figure was divided by ten in order to fit on the same scale as the counts from the individual stations.
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We first analysed whether the bicycle counts at the different count stations follow
similar seasonal patterns and react to weather conditions in a similar manner. For this
purpose, various statistical tests were conducted to check the stationarity of the time series
of the different count stations. As can be seen in Figure A1, each station shows the same
general seasonal trend with peaks in summer and the lowest number of bicycle counts
during the winter months and has a relatively constant mean and variance per year. In
addition, the Augmented Dickey–Fuller Tests and Kwiatkowski–Philipps–Schmidt–Shin
Tests performed had p‐values smaller than 0.05, allowing us to reject the null hypotheses
of a unit root or trend‐stationarity being present. Therefore, the time series of the different
count stations can be regarded as stationary. This allows us to investigate the correlation
between the bicycle counts per day at the different stations directly without the need of
detrending the data first.
In fact, the lowest value in the correlation matrix of all count stations is the Pearson
correlation coefficient of 0.87 between the count stations of Alberichstrasse and Frankfur‐
ter Allee West. For the combinations of the large majority of all count stations, the corre‐
lation coefficient has a value higher than 0.9. Consequently, the seasonal patterns of the
individual count stations are also visible in the bicycle counts aggregated over all stations,
shown in the bottom right corner of Figure 2.
The count station data are not just highly correlated between the individual stations
but also the counts of the different stations show a very similar correlation to the weather
variables taken from the weather station Berlin‐Tempelhof of the German Weather Ser‐
vice. Pearson’s correlation coefficient between the maximum daily temperature and the
daily bicycle count of each station falls into the range of 0.60 to 0.82. Moreover, the corre‐
lation between the bicycle counts of the individual stations per day and the sum of pre‐
cipitation per day and the mean wind speed per day fall into the rather narrow ranges of
−0.08 to −0.12 and −0.21 to −0.26. This shows that the volume of bicycle traffic measured at
each count station reacts in a very similar way to changes in weather conditions.
We also inspected whether the locations of the remaining count stations after data
preparation correspond to the population distribution in Berlin:
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Figure A2. Count station locations and population distribution.

As can be seen in Figure A2, most of the count stations are located in areas where
also large shares of the population reside. Only some areas with relatively many inhabit‐
ants in the north and in the east and southeast are not covered or not covered well.
Appendix B
Two types of weather and climate data were used in this paper: daily measurements
from a nearby weather station (further called weather station measurements) and weather
projections of a regional climate model for the time periods 1970–2000 (further called his‐
torical data) and 2035–2065 (further called forecast data). All data sources include the three
weather variables of maximum air temperature, sum of precipitation, and mean wind
speed for each day of the year (see Figure A2).
The weather station measurements are taken from the Berlin‐Tempelhof station for
2017, 2018, and 2019. The station is operated by the German Weather Service (DWD) and
provides data on an hourly and daily basis. For this study, we use the daily measurements
for each day of the three years considered. These data are linked to the daily bicycle count
data by their date to provide the basis for training the time series models.
To make reasonable assumptions about future changes in the weather, this study ap‐
plies outputs from the regional climate model (REMO) [46] (domain: EUR‐11, driving
model name: MPI‐ESM‐LR, realisation: r1i1p1, frequency: day) for the historical data and
the forecast data, considering the three different Representative Concentration Pathways
(RCP): RCP2.6, RCP4.5, and RCP8.5.
The data of regional climate models are available in approximately 12.5 × 12.5 km
ground resolution. In order to reflect the local uncertainties of the climate models, a mask
of 6 × 6 pixels (appr. 75 × 75 km) is placed around Berlin. Finally, we use the mean of the
resulting data.
Figure A3 illustrates the need to adapt the outputs of the regional climate model to
the local weather conditions. This is performed by comparing the yearly distribution of
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the historical and forecast results from the regional climate model with the distribution of
the measured values from the weather station in Berlin in 2018. Generally, the daily max‐
imum air temperature from the regional climate model shows higher values than the
measured weather data in 2018 since they illustrate the highest values of a 30‐year interval
instead of one single year. However, the absolute changes from historical to forecast data
appear realistic, as they lead to an overall annual increase of 1.6 °C in the average maxi‐
mum daily air temperature, which is consistent with the output of recent findings for Ger‐
many (Brasseur et al., 2017).
Therefore, in the case of air temperature, we can simply add the expected absolute
changes from the climate models to the averaged weather station data to create realistic
synthetic future temperature conditions for 2050 (see Figure A3). In contrast to air tem‐
perature, however, wind speed and precipitation are less continuous over time and rainy
days and storms are mostly discrete events. This leads to an unwanted effect when aver‐
aging the historical and forecast data: the values are smoothed. Just adding the differences
means there would be no cases of heavy rain and no cases without rain in the data set,
leading to a bias in the variance in respect of single‐year data. Hence, a more sophisticated
procedure is required to adapt the expected changes in precipitation and wind speed from
the climate models to the weather station data.
For this reason, the synthetic future precipitation values are generated using a vari‐
ance adjustment procedure to harmonise measured and forecast yearly distributions. It
can be assumed, however, that there are different effects on the variation of precipitation
based on the time of year. Findings from the regional climate simulations in Germany
(Pfeifer et al., 2015), for instance, suggest that summer precipitation is expected to de‐
crease, while winter precipitation is expected to increase. Therefore, the measured, histor‐
ical, and forecast data were first split into the meteorological seasons of winter (1 Decem‐
ber to 28 February), spring (1 March to 30 May), summer (1 June to 30 August) and au‐
tumn (1 September to 30 November).
For each season, the absolute differences between the precipitation sums of the his‐
torical and forecast data are calculated. Here, we use the season with the highest variance
because extreme events are expected to increase in the future and we want to adapt to the
most “extreme” season we have. The expected absolute differences in precipitation are
then added to the sum of the corresponding season in the measured weather station data
to generate an expected future precipitation sum for the respective RCP. Then, we calcu‐
late the proportion of precipitation for each day in relation to the sum of precipitation for
the respective season and multiply the result by the expected future precipitation sum.
The outcome of this process is the expected daily precipitation with the distribution of the
respective measured season.
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Figure A3. Yearly distribution of the historical (orange) and forecast (green) weather variables based on the regional cli‐
mate model and the measured weather variables for 2018 (blue dashed) from a local weather station. Forecast values are
based on RCP.

Next, the variance of this synthetically generated future precipitation data is adjusted
to meet the probability distribution of the year with the highest variance in the respective
season (winter and spring of 2018 and summer and autumn of 2017) in order to achieve a
realistic (but highly variable) distribution of precipitation. The variance adjustment is re‐
alised by performing the following steps. First, the synthetically generated precipitation
values are centred by subtracting the yearly mean of each value. Second, the centred val‐
ues are multiplied by the square root of the variance of the measured data divided by the
variance of the forecast data. Third, the data are brought out of centre again by adding the
yearly mean to each value. Since the results include negative values, the data are split into
positive and negative values. The latter are iteratively eliminated by setting negative val‐
ues to zero and subsequently adding the proportion of the sum of all negative values in
relation to the sum of positive values to each positive value as a fourth step. This step is
performed until all negative values are eliminated.
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Figure A4. Process of generating daily synthetic temperature values based on the climate models. All line graphs represent
annual air temperature curves in °C. The process comprises the derivation of daily air temperature changes (4) between
historical (2) and forecasted (1) data and generation of future temperature air data (5) by calculating the sum of tempera‐
ture changes (4) and averaged measured values (3).

Wind speed values are generated analogously to precipitation, but since there were
very few negative values in the result (1 in RCP2.6 and RCP4.5, 2 in RCP8.5), these were
set straight to zero.
Although the synthetically generated weather data for 2050 are based on the outputs
of a single forecast model instead of an ensemble of different climate models, the results
of the climate data preparation are consistent with the findings of regional climate models
in Germany [33]. For the Berlin region, climate change leads to a general increase in max‐
imum air temperature throughout the year with precipitation sums rising but with a trend
towards more extreme events and therefore fewer wet days in summer.
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