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Abstract. In this paper we introduce a two-staged pipeline to tackle the
problem of bike redistribution for bike-sharing systems, using Automated
Machine Learning (AutoML) and optimization techniques. Our approach
includes the usage of AutoML for time series forecasting in order to esti-
mate the demand for bikes for each station, along with an optimization
model to efficiently relocate bikes to maximize user satisfaction. In our
study, we used historical data from Barcelona’s public bike-sharing sys-
tem to predict future demand and then used these predictions together
with public data from OpenStreetMap (estimated travel time between
stations) in order to solve the Minimum Cost Flow Problem (MCFP)
and compute the optimal bike redistribution. We demonstrate promis-
ing results in terms of accuracy of demand forecasting and reduction
of forecasting time, thus obtaining feasible redistribution strategies and
providing an end-to-end framework to the operator.

Keywords: Bike demand forecasting - time series forecasting -
AutoML - bike redistribution + minimum-cost flow problem

1 Introduction

During the last decades due to high urbanization rates, large cities face several
challenges in planning and specifically in terms of transportation. The growth
of cities’ population has positioned citizens’ transportation as one of the most
complex difficulties that policy makers have to overcome. At the same time
the ever increasing pollution from car use, calls for the immediate adoption of
eco-friendly approaches that minimize the energy footprint of transport. Such
solutions include bike-sharing systems (BSSs) that the citizens can use instead
of traditional transportation means such as cars, buses etc. BSSs are highly
adopted from large crowded cities all over the globe and can efficiently satisfy
citizens’ transportation needs in a green manner [5]. BSSs can be divided into
two categories. If the bikes are picked up and dropped off at stations in specific
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Fig. 1. Bike demand density (of stations) for two different time intervals, 8:00-10:00
and 16:00-18:00 for 31/1/2022. The two intervals illustrate different user behavior.
This observation motivates the need for a dynamic redistribution strategy.

geographic locations, the systems are known as Station-Based (SB-BSSs). Oth-
erwise, if the users can end their ride and leave the bike at any point to be picked
up again for another trip, the systems are known as Free-Floating (FF-BSSs).
These systems are greatly affected by the dynamic nature of user behavior.
Bike trips are tightly connected to spatio-temporal information, i.e., users are
more likely to pick up bikes in urban areas early in the day and drop them
off in the same area later in the day. Additionally, bike trips may be affected
by events like extreme weather conditions or festivals. This creates imbalances
in supply and demand which affects user satisfaction and has economic impact
on the organization operating the BSS. To tackle this challenge, BSSs usually
include a redistribution strategy to relocate idle bikes where demand is expected
to be high. Such strategies can be classified as static and dynamic, namely Static
(S-BSS) and Dynamic (D-BSS), respectively. In the static case, bikes are redis-
tributed at a fixed time in the day, usually at some point in the night when
demand is at its lowest, to even out the bike spread over the region for the next
day. Contrary to that, in the dynamic approach the redistribution may happen
at several points in time in a day, usually at fixed time intervals. While static
redistribution has less operational costs associated with, it is incapable of react-
ing to dynamic changes in bike demand. In Fig.1 we illustrate the need of a
dynamic redistribution approach based on the dataset we used for this paper.
Whatever the BSS operational type, accurate demand prediction is of the
essence. Without modeling and predicting the bike demand for a future time
period, however good may a redistribution model be, it will fall short as it will
fail to meet the actual user activity. In BSSs it is especially difficult, because
users do not go through a vehicle request process, which usually takes place in
other vehicle systems. Historically, this demand prediction has been of active
research as it is necessary for the redistribution process. Motivated by this, in
this paper, we address the problem of combined demand prediction and redistri-
bution planning using Automated Machine Learning techniques and in particular
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Bayesian Optimization (BO) to tackle the problem of demand prediction, along
with redistribution planning based on a linear programming problem defined in
the next sections, in order to provide operators with an optimal redistribution
strategy.

In summary, we make the following contributions in this paper:

— We cast the problem of demand forecasting for bike-sharing systems as an
AutoML-based time series forecasting problem, in order to obtain highly accu-
rate predictions of bike demand.

—  We formalize the problem of bike redistribution among the stations of a bike-
sharing system based on the Minimum Cost Flow (MCF) problem.

— We present experiments using real-world data from a bike rental operator
(Serveo) in Barcelona to evaluate the effectiveness of our approach.

The rest of the paper is structured as follows. Section 2 provides an overview
of related work. Section3 formally defines the problem. Then, in Sect.4,
we present our pipeline for bike demand forecasting and bike redistribution.
Section 5 reports the results of the experimental evaluation. Finally, Sect. 6 con-
cludes the paper and points to future research directions.

2 Related Work

The vehicle redistribution problem has been researched under various contexts.
One specific area of study is that of empty vehicle redistribution, inspired by the
recent traction of autonomous driving vehicles. Some of the recent works [2,10]
that focus on this sub-domain, are modeled to include knowledge on passenger
wait-time which they model according to proposed utility functions.

Bike-Sharing Systems. Bike redistribution is also being actively researched. In
[3,11], a set of mathematical formulations for bike demand and the rebalancing
problem are presented. Additionally possible constraints that may be taken into
account under different applications are presented. Finally, in the lastly afore-
mentioned work, proposed algorithms and methodologies are benchmarked.

Station clustering has been explored in [6,17]. In [17], the authors use a
community detection approach on the graph that represents bike stations (ver-
tices) and bike flows (directed edges). In [6], the bike stations are first classified
as supply and demand stations and then are clustered accordingly to create a
super-node per cluster. The station matching for bike redistribution is performed
upon these produced nodes.

In [12], total station demand is calculated by separately predicting pick up
rate and drop off rate for 1h time intervals. The pick up rate is predicted through
a weighted KNN that takes into account weather information as well. The drop
off rate is predicted based on predicted pick up rate by leveraging a multi-
modal gaussian distribution to estimate whether picked up bicycles will arrive at
their destination at this interval or the next. Rebalancing afterwards is achieved
through Mixed Integer Programming on clustered stations to eliminate outliers.
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In [15], the authors formulate the BRP in four stages: (1) a demand fore-
casting model that anticipates inventory levels at different time intervals, (2)
station inventory model determines the optimal initial inventory level such that
in the next time period system inefficiencies, (3) redistribution needs model that
models the redistribution’s plan and (4) vehicle routing model that maximizes
the utility of redistribution vehicles. Both (1) and (2) are taking advantage of
heterogeneous data such as inventory level, traffic and weather and are trained
in a dynamic manner (periodically). For (1) the authors use gradient boosting
machines and for (2), assuming that departures and arrivals at a station fol-
low a Poisson distribution the authors compute their parameters from historical
data. For (3) the authors formulate the redistribution problem as a stochastic
linear integer program, whereas for (4) they use an arc and sequence-indexed
formulation.

In this paper, we formulate the BRP using real-world historical data to com-
pute the demand and combine this information with real-world traffic infor-
mation to provide the operator with a redistribution strategy, solving a linear
program problem.

AutoML for Time Series. Time series forecasting (TSF) methods can be
broadly classified in statistical methods, machine learning methods and deep
learning methods. The best performing method depends on various criteria; the
application domain, the dataset at hand, the size of historical data, etc. More-
over, each method uses a large number of hyperparameters and finding the opti-
mal values is a time-consuming task, both for the data scientist as well as in
relation with the computational resources for evaluation of different setups. To
cope with these challenges, a recent trend is to apply Automated Machine Learn-
ing (AutoML) [8] techniques in order to automatically detect the best forecasting
algorithm and configuration of hyperparameters, without exhaustively testing a
huge number of configurations. In the case of BRP where bikes’ demand is rep-
resented by time series and results’ provision needs to be short-termed, AutoML
to deal with TSF is essential in order to provide redistribution operators with
valid demand predictions very quickly.

AutoARIMA and AutoETS [9] are processes for automating parameter selec-
tion for the statistical algorithms ARIMA (Auto-Regressive Intergrated Moving
Average) and EST (Exponential Smoothing). Hyndman and Khandakar included
these methods for the first time in 2008 in an R package and they are based on
the minimization of an information criterion like Akaike’s Information Criterion
(AIC) or the Bayesian Information Criterion (BIC).

AutoGluon-Time Series (AG-TS) [16] is a Python AutoML library for prob-
abilistic time series forecasting. It contains a variety of forecasting algorithms:
statistical, machine learning based and ensembles. It is easy to use and provides
to the non-expert end user the ability to perform precise forecasts using a convex
combination of forecasted values produced with different forecasters. In this way,
AG-TS takes advantage of several predictors.

Auto-Pytorch-TS [4] is an AutoTSF framework for Automated Deep Learn-
ing time series forecasting, which was built as an extension of the Auto-Pytorch
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[18] package for tabular datasets. The authors introduce a novel Neural Archi-
tecture Search (NAS) approach that deals with the joint problem of neural archi-
tecture search and data processing hyperparameters’ optimization for time series
data, taking advantage of BO.

In this paper, we address the AutoML for time series forecasting problem
directly, using BO for a predefined number of iterations. In this way, not only we
examine different configurations of the search space without human interaction
to find the best algorithm’s configuration, but we also provide the redistribution
operator with the best forecasts in a fast manner.

3 Problem Definition

In this section, we present the problem setting for our work. We identify two sub-
problems, bike demand forecasting (Sect. 3.1) and bike redistribution (Sect. 3.2).
Our approach addresses both of these subproblems, offering an end-to-end solu-
tion.

3.1 Bike Demand Forecasting

In this subsection we define the basic concepts of our problem that are con-
nected to the bike demand forecasting problem. Let S = {i : i = 1,...,z2}
denote a set of z stations of bikes, where a station is a fixed-place location of
specific capacity (total number of bikes that can be placed there). Users can
borrow bikes from a station or return a bike after the trip has been conducted.
Supposing that we examine a time interval [tstart, tend), let a uniform and non-
overlapping discretization of n distinct time intervals 7 = {T1,...,T,} where
T, = [ti,tprl) C [tstarhtend)y so that T, NT; = (Z), VT # 1) and

0T =T = [tipr — ti| = @, vT; (1)

We define the demand of the i-th station to be the sequence (time series)

D;(t), that corresponds to the total number of bikes that departs or arrive at

station ¢ for a time interval that is denoted by the index ¢. The bike demand

forecasting problem is that of predicting the demand D;(T;) for a station ¢ at
the time interval Tj.

3.2 The Bike Redistribution Problem

Here we formulate the so-called Minimum-Cost Flow Problem (MCFP) under
the bike redistribution assumptions. Our goal is to redistribute bikes among
stations in an optimal manner to cover future demand.

Let a flow network G = (V, E) be a directed graph with a source node v €
V and a destination node u € V that represent stations. The source node v
represents the station from which we take a number of bikes and redistribute
them to the destination node u. Each edge (v,u) € E carries a weight f(v,u)
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that represents the number of bikes that need to be transported from node v to
node u Typically, the f(v,u) weights are the problem’s variables which we seek
to estimate and they describe the number of bikes that operator has to transfer
from station v to station u.

Additionally, each (v,u) € F has a capacity cap(v,u), indicating the maxi-
mum number of bikes that the redistribution vehicles can transport. Also, each
(v,u) € E is associated with cost(v,u), a value which indicates the estimated
travel time from station v to station wu.

Finally, every v € V has a supply/demand indicator d(v), which suggests
whether a node v has surplus or shortage of bikes. More precisely, given v € V
and for a fixed time interval t, d(v) is equal to D;(t) (as defined in Sect.3.1)
where v is the node that corresponds to station 1.

The bike redistribution MCFP is formulated as a linear programming prob-

lem as follows:
Z cost(v,u) - f(v,u) (2)

min
{f(v,u):(v,u)€E} ()€

such that

1. f(v,u) < cap(v,u), Y(v,u) € E
2. Z flu,w) — Z flw,u) =d(u), Yvu e V

eV weV
, U

3. flu,v) >0, Y(uv) € E

The second constraint illustrates a notion of balance. This means that it

enforces the difference of the outgoing flow Z f(u,w) | minus the incoming
weV

flow (Z f(w, u)) of a node u, to be equal with its total demand d(u) and is

weV
derived from the general assumptions of MCFP per se.

As mentioned earlier, the solution of MCFP will be the weights
f(v,u), V(v,u) € E that represent the total number of bikes the operator has
to transfer from the station that corresponds to node v to the one of node u
(Fig.2).

4 Proposed Framework

The objective of our approach is to optimize bike redistribution among the
stations, in order to maximize bike availability based on the predicted users’
demand. The main steps of our approach are briefly described below:

1. Data Preparation. We extract a time series of demand from the raw trip
data. Each station is associated with a time series of bike demand values for
that station for the discretization of time into intervals 7 = {T1,...,T,}.

2. Time series AutoML. We perform AutoML for each time series to effi-
ciently search the space of forecasting algorithms and hyperparameters. This
produces a predicted demand value for each station for the next time interval.
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Fig. 2. The end-to-end framework for bike redistribution. For a specific time interval,
we create the time series for each station and use AutoML to find the best forecasting
algorithm for each station. Then, we predict the demand for each station, and for each
cluster of stations, we form the graph that also captures the travel distance between
stations. The solution of the MCFP determines the redistribution in each cluster.

3. Data Enrichment. The predicted demand values are enriched with the
transportation time between stations, obtained from data of OpenStreetMap.

4. Per Cluster MCF. Finally, we consider k geographical clusters of stations,
and build a graph for each cluster. The stations of each cluster correspond to
graph nodes. The capacity is defined as the number of bikes that the opera-
tor can load to a redistribution vehicle. The cost between two stations cor-
responds to the estimated transportation time. Then, we solve the Minimum
Cost Flow problem with relaxed constraints for every such graph.

4.1 Data Preparation

The first step is to process raw data of bike trips from one station to another to
calculate the historic bike demand for each station. Each record of trips consists
of (i) a trip Id, (ii) its Start Time, (iii) its End Time, (iv) the Start Station Id,
and (v) the End Station Id. We partition the time into intervals 7 = {T1,...,T,}
and we consider the records of each group.

For every station i € S, we consider two time series Z;(t) and O;(t), t €
{Ty,...,T,}, that correspond to the number of incoming and outgoing bikes
during time interval ¢ for station ¢, respectively. Incoming bikes are the bikes
that users return to station ¢ during an indexed time interval ¢, while outgoing
bikes are the ones borrowed from station ¢ during ¢. The time series of demand
for station ¢ for an indexed time interval ¢ is the difference between the time
series O;(t) and Z;(¢):



152 D. Petratos et al.

Dl(t) = Ol(t) —Ii(t), te {Tl,. .. ,Tn} (3)

Positive values of demand during ¢ indicate that station ¢ had a need for bikes,
because the number of trips that considered i as a starting point was greater
than the number of trips that considered ¢ as an ending point. On the other
hand, negative values of demand during ¢ indicate a surplus of bikes for station
i during t. Based on this, the network of stations is considered as a network
that can balance itself. Stations with negative predicted demand are used in
the redistribution procedure in order to provide bikes to those with positive
predicted demand.

4.2 Bike Demand Forecasting

The first problem that we face is the prediction of the demand D;(t) for every
station 7. Since the demand is represented as a time series, we need to employ
time series forecasting (TSF) methods. In the literature, one can find many
methods for TSF that can be broadly classified in three main categories: 1)
statistical methods, ii) machine learning methods and iii) deep learning methods.
Each TSF method comes along with different hyperparameters, so apart from
finding the best performing TSF method, we also need to find the optimal values
for its hyperparameters.

AutoML for TSF (AutoTSF) seeks to solve the so-called Combined Algorithm
Selection and Hyper-parameter tuning (CASH) for TSF methods. In essence, it
seeks to find the TSF method and the values of its respective hyperparameters
that minimizes a given error metric. Formally, let the following equation be the
one to optimize:

A* = arg min L(Dyrain, Dyal, M) (4)
mx

where (Dirain, Dvat) ~ D is a train-test split of a dataset D, m € M is a
TSF method from a collection of available methods M, \ € A,, is a parametric
vector of the hyperparameter search space of method m, m) is the method m
instantiated with parameters A and L is a loss metric function.

In this paper, we deploy Bayesian Optimization (BO) [7] in order to solve
the CASH problem. BO is a probabilistic optimization framework that optimizes
black-box functions. In detail, for each time series D;(¢), t € {T1,...,T,}, we
select an index r € {1,...,n} and split the time series in two parts: D" (t), t €
{Ty...,T.} and Dis'(t), t € {T41...,T,}. We examine two cases:

1. Consider a set of TSF methods M = {myq,...,m,} together with the sets of
their hyperparameters A,,,, ..., A,,, . In this case, we use the Mean Absolute
Error (MAE) as loss metric to solve the optimization problem:

m,p = arg min MAE (Dﬁe“,ﬁf”tlmm) (5)

m;,pPj
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with BO, where ﬁ£65t|mj p, is the prediction of D{***|,, , training the algo-
rithm m; with hyperparameters p; € A, .

2. Consider a TSF method m together with the set of its hyperparameters A,,.
In this case, we use the Mean Absolute Error (MAE) as loss metric to solve
the optimization problem:

p = argmin MAE (Dfest, f)f@ﬂm,pj) (6)

with BO, where ﬁf€8t|m7pj is the prediction of D{*|,, ,, training the method
m with hyperparameters p; € A,,.

4.3 Data Enrichment

Furthermore, we use the cost of transportation for any pair of stations. Specif-
ically, we retrieve this information from OpenStreetMap [14]. For every pair of
geographical points z=(longitude;, latitude;) and y = (longitudesy, latitudes)
that correspond to two different stations = and y, we retrieve every possible
route that connects them. Afterwards, we compute for each pair of stations the
shortest route, which is used to finally define cost(z,y) as the cost to travel from
station x to y.

4.4 Bike Redistribution

Let & be a set of stations and D;(t), t = {T1,...,T,}, their corresponding
demand time series, as defined in Sect. 3. Let also @i(q) be the predicted demand
for every station ¢ € S for the time index ¢ that corresponds to the time interval
[tends tend + 07T ), where d7 is defined in Eq.1. We consider a directed graph
G = (V,E), where V is the set of nodes corresponding to stations and F is the
set of directed vertices that indicates connections between the nodes of V.

After initializing the graph, we solve the corresponding MCFP, using as
demand the values D;(q) for every node v that corresponds to a station i and
by using the costs that were defined in the previous subsection. Under these
assumptions, we recommend a redistribution strategy based on the predicted
demand, in order to provide the operator with a plan that will cover the future
demand.

The second assumption of the MCFP as defined in Sect. 3.2 is very strict,
since in real-world applications (like the bike repositioning, the problem we are
trying to tackle here) there are no guarantees that the total demand will sum up
to zero. What we want to achieve in our case, is that outgoing flow-incoming flow
will always cover the station’s demand, so we can relax the second constraint as

follows
> Fuw) = > flw,u) > d(u), YueV (7)

weV weV

So we end up with the problem’s constraints defined below:

1. f(v,u) < cap(v,u), Y(v,u) € E
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2. Z flu,w) — Z flw,u) >d(u), Vue V
weV weV
3. flu,v) >0, Y(u,v) € E

The replacement of the second constraint (from equality to inequality) might
create artificial nodes (in the case that the total demand is greater than zero

Z d(v) > 0), but we assume that stations have a surplus of bikes and the

veV
operator will always be able to use bikes from stations with negative demand in

order to use them during the rebalancing.

Note that one could tackle the MCFP as an Integer Programming (IP) prob-
lem. Since IP problems are hard to solve, we chose to treat the MCFP as a
Linear Programming (LP) problem. Generally LP problems provide continuous
solutions (in our case flows of bikes to be redistributed) and for this reason, as
the corresponding flows f(v,u) might be continuous, we perform a rounding in
order to make sure that our results are integers.

Additionally, we assume that the available stations are clustered in different
subgroups. While this clustering can occur in different ways, in this paper, we
utilize clustering based on the geo-location of stations. The clustering is provided
by the BSS operator, but other clustering algorithms can be explored as well.

5 Experiments

In this section, we present the results of our experimentation. Our framework is
tested using real-world data obtained from the Serveo Bike Sharing System oper-
ating in Barcelona for accuracy and efficiency. The framework is implemented
in Python and we use the Optuna library [1] to conduct BO and the PuLP [13]
library for MCFP optimization.

5.1 Experimental Setup

Dataset. Our data consist of bike trips recorded in January 2022 in the city
of Barcelona. Each record consists of the starting and ending station, departure
and arrival time and an associated trip id. We partition the trips in 2-h intervals
and aggregate incoming and outgoing bikes per interval. There exist 469 bike
stations and for each pair of stations we additionally retrieve the cost of trans-
portation, i.e., the estimated travel time of the shortest route, as provided by
OpenStreetMap.

Evaluation Methodology. We evaluate our framework in two stages. First,
we explore the efficiency of the AutoML solution applied for bike demand fore-
casting. From the available 469 time series that correspond to each station, we
select two of them that significantly differ in terms of volatility and seasonality
(shown in Fig. 3), and exhaustively search their hyperparameter space through
Grid Search. Additionally, we apply Bayesian Optimization (BO) over the same
space, with a budget equal to that of Grid Search and compare the results.
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Fig. 3. Demand for two selected time series (1/1/1022-31/1/2022).

For Grid Search, continuous parametric spaces are discretized manually. On the
other hand, BO may sample any point in the continuous space.

Moreover, we apply our MCF solution for each cluster of stations. For each
station, we apply a narrowed-down version of AutoML based on our findings over
the previous experiment. Afterwards, we forecast the demand for each station
over the next 2-h time interval, by using the best individual algorithm configura-
tion found. We then report the accuracy of the time series forecasting algorithms,
visualize redistribution results and discuss our findings on how per cluster MCF
may reduce operational time.

Parameters. For the AutoML in times series forecasting, we considered sev-
eral types of algorithms including statistical algorithms (ARIMA, Holt Win-
ter’s Exponential Smoothing (ES), Holt Exponential Smoothing (H-ES) and
Simple Exponential Smoothing (S-ES)), one deep learning algorithm (Multi-
layer Perceptron, MLP) and a machine learning algorithm (XGBoost Regressor,
XGBoost). In Table 1, we show for each algorithm, the number of possible con-
figurations for its hyperparameters, i.e., the size of the search space. We must
also highlight, that we do not include to our experimentation other deep learn-
ing baselines, such as LSTMs, RNNs etc., due to the fact that their evaluation
is empirically more computationally expensive and contradicts the operational
time limits we have, even though those approaches have proven to be efficient
for time series forecasting tasks.

Table 1. Number of configurations for each algorithm during Grid Search.

Algorithms ARIMA |ES H-ES|S-ESMLP|XGBoost
Cardinality[1000 800400 |20 {1600 (15,361

Evaluation. In order to evaluate the demand forecasting algorithms, we split
the time series for every station i in DI"*" and D!*** as defined in Sect.4.2. We
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keep 80% of the original data for training and the remaining 20% for evaluation.
When conducting BO, we additionally split D" again accordingly to use 20%
of the training data for optimization. We consider two different evaluations of
accuracy on test data, D"

1. n-Steps-Ahead-Forecasting (n-SAF): In this case, we evaluate the forecasting
capability of the algorithm m for longer time horizons. For each 1}, j > r
we use for the prediction of the corresponding demand value, @i(Tj), the
already forecasted demand values of T}, r < k < j. Formally, this is defined
as follows:

@feSt(Tj) =m (th»rain,@i(Tr_i_l), - 7@1(Tj—1)) R Yr <] <n (8)

2. 1-Step-Ahead-Forecasting (1-SAF): In this case, we focus on short term pre-
dictions. We assume that for every Tj, j > r, the demand of D!***(T},) is
known Vr < k < j. Formally, this is defined as follows:

DI (Ty) = m (D™ Dy(Tr41), -, Di(Tj-1)), ¥r < j<n 9)

Selecting an algorithm according to n-SAF methodology, is useful when we
expect operational failures (e.g., stations’ power outage, network’s lack of com-
munication etc.). On the other hand, algorithms selected according to their 1-
SAF capability will likely be more competent but require the actual time series
value at each time interval.

Metrics. We use the Mean Absolute Error (MAE), which is the absolute dif-
ference between actual and predicted demand for each station averaged over the
set of time intervals. Formally it is defined as follows for each station (node)
veV:

1

> ) - d). (10)

t=r+1,...,n

5.2 Experimental Evaluation of Demand Forecasting

Our findings over the extensive configuration search on the two selected time
series of Fig. 3 are presented in Table 2 and Table 3 for n-SAF and 1-SAF, respec-
tively. Our first observation is that all forecasting algorithms achieve a relatively
low error.

In the case of n-SAF, we identify that the best performing algorithm is
ARIMA for both time series across both strategies, with the lowest error in
terms of MAE being equal to 1.5665 and 0.2133 for the two time series respec-
tively. In the case of 1-SAF, we observe that MLP outperforms both ARIMA and
XGBoost, achieving around 14.6% and 17.12% improvement over the other two,
respectively. These observations imply that different algorithms may perform
best depending on the application scenario.
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It is also worth mentioning that some experiments conducted with BO might
be slightly better than the respective Grid Search, e.g., for ES and H-ES. This is
because of the discretization of the search space of continuous hyperparameters
for Grid Search, whereas BO is applicable on continuous variables as such. We
also note that for the 1-SAF case we used only the three algorithms that can
be used for such types of predictions without the need of refitting the respective
algorithms.

Table 2. Comparison of exhaustive search to BO for two time series in terms of MAE
for n steps ahead forecast (n-SAF).

Time Series 1 Time Series 2

Grid Search MAEBO MAE|Grid Search MAEBO MAE
ARIMA [1.5665 1.5671 0.2133 0.2133
ES 1.6027 1.6005 |0.2133 0.2133
H-ES 1.6027 1.6005 [0.2133 0.2133
S-ES 1.6000 1.6000 |0.2133 0.2133
MLP 1.6375 1.6384 0.2173 0.2173
XGBoost|1.6376 1.6376 |0.2173 0.2173

Table 3. Comparison of exhaustive search to BO for two time series in terms of MAE
for one step ahead forecast (1-SAF).

Time Series 1 Time Series 2

Grid Search MAE BO MAE|Grid Search MAEBO MAE
ARIMA [1.5860 1.5875 |0.2133 1.0715
MLP 1.3546 1.5688 |0.1268 0.1334
XGBoost|1.6344 1.6353 |0.2167 0.2166

In terms of error, all algorithms showcase smaller MAE for 1-SAF than n-
SAF. This result is reasonable due to the fact that in the 1-SAF case, we make
the assumption that the ground truth is available, whereas on the other hand in
the n-SAF case we use predicted demand. As a result, even though n-SAF may
seem as a more practical predictive framework, as highlighted in the Section
above, 1-SAF provides more accurate predictions, as such we adopt it in our
proposed end-to-end framework.

Focusing on the on the 1-SAF case, we conducted BO only for MLP for both
time series, because MLP outperforms both ARIMA and XGBoost for both time
series, given a budget of 1600 trials, which is the same as for Grid Search. BO
for time series 1 achieved the best MAE value of 1.3674, found in trial 386.
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Fig. 4. A sample of redistribution per cluster of stations. Differently colored nodes
represent different clusters. Edges represent the number of bikes to be transported
between stations.

The respective best MAE value for time series 2 is 0.2225, found in trial 1062.
Both results highlight the fact that BO is an effective solution of algorithm
optimization, especially when the relative error is higher, as indicated from time
series 1. For this reason, we choose to use BO for MLP for the prediction of all
stations’ demand future moving forward. Considering BO’s execution time and
in order to align with operational time limits, we chose to conduct BO for all
time series using a number of trials that is equal to the 1/3 of MLP’s cardinality
(533 trials).

We choose to conduct BO for every station separately using MLP, as it is
clear from the diverse nature of the given time series, that a single model may
not be suitable for every station, so while we use a unique algorithm for all
(MLP), we optimize its hyper-parameters, according to the data given.

5.3 Practical Application and Evaluation of MCF

Capitalizing on our findings over the case study on the two time series, we
proceed with the evaluation of the MCF model over clusters of stations.

First, we apply for each stations’ demand time series BO set to search the
configuration space of MLP with a budget of 533 iterations equal to 1/3 of the
trials considered in exhaustively searching MLP, based on the results discussed in
the previous subsection. We then forecast the demand value for each station over
the next 2-hour time interval. In Fig. 5, we showcase a box-plot of the MAE value
for each station. We report the average validation MAE across every station to
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be 1.0964 with standard deviation of 0.7097. Out of 464 stations, we also identify
17 that had an error rate larger than 2.5, which may be accounted to various
factors such as unexpected events in the specific time interval, or general forecast
difficulty due to the time series specifics. Moreover, we report that BO found
the best configuration on trial number 279 on average for every station.

These predictions are afterwards provided along with the estimated duration
for each trip among a pair of nodes to our MCF based approach. We identify
the station clusters according to their geographic locations, and apply MCF for
each of these clusters. The resulting bikes to be transported are then retrieved,
as shown in Fig. 4 just for a sample of the available clusters.

Finally, we compare the execution time of the MCF solving algorithm when
applied to each cluster against running MCF over all stations (i.e., 1 cluster).
We report the average execution time of per cluster MCF to be around 0.38s.
The total execution time for per cluster MCF is 15.64s, against 8.54min of
execution time when applying MCF over all stations. We note the magnitude
of difference between the two approaches, especially since long execution times
may be prohibitive when there is need for redistribution in short time intervals.

Results on Validation MAE for Every Station - BO

2 3 4
Validation MAE

Fig. 5. Best validation MAE achieved for every station after Bayesian Optimization

6 Conclusions and Future Work

In this paper, we proposed an AutoML-based approach for bike demand forecast-
ing and redistribution. To address the first problem of bike demand forecasting,
we adopt an AutoML approach that uses Bayesian Optimization in order to find
the best time series forecasting method and values of its hyperparameters. Then,
the second problem is to determine the process of bike redistribution among sta-
tions to cover the predicted demand. To this end, we cast the problem of bike
redistribution to the Minimum-Cost Flow Problem to find the optimal solution.
Our experiments with real-world data show that careful use of AutoML can
indeed find a well performing configuration close to the optimal much faster
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than traditional approaches, and that a meaningful redistribution can be com-
puted. In our future work, it would be interesting to deploy our redistribution
in operational settings to evaluate the improvement of the bike sharing service
and user satisfaction. Additionally, future work may include modeling of the
demand that is unknown to the system due to the unavailability of bikes in a
station, taking also into consideration other validation metrics to align with the
robustness of the data.
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