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Introduction

Motivation

Accurate forecasting of customer demand can be critical

for increasing operational efficiency.

We focus on the problem of predicting the volume of

vehicles in a network of gas stations.

The use of forecasting techniques based on neural

networks is relevant in this domain.

The usual approach is to learn one model in each location

and for each week day.

However, volume patterns from different stations might be

related due to common factors (e.g. weather).
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Introduction

Goals

Research question: Is it possible to create accurate models that use data
aggregated from different stations ?

An exhaustive investigation of different classes of recurrent neural networks.

Investigate the trade-off between the accuracy and the overall complexity of sets
of RNNs that employ varying number of models.

Compare different types of RNNs.

Evaluate the influence of model learning hyper-parameters in the accuracy of the
RNNs predictions.
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Network of service stations

Focus on a network of service stations.

Different services (locations) within each single location.

Data is available about the volume of consumers that visit

each location on different days.

Additional data related to the geographical location and

weather conditions each day is also available.

Based on this data, predictions are required for next days.
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Problem descriptors

Considered descriptors for vehicle volume prediction.

Features Max Mean Min Type Freq. Miss. Dat.

Temperature X X X Num. Daily False

Humidity X X X Num. Daily False

Heat Index X X X Num. Daily False

Open × × × Num. Once False

station × × × Cat. Once False

location × × × Cat. Once False

day × × × Cat. Once False

highway × × × Bool. Once False

emirates × × × Cat. Once False

properties × × × Text Once False

volume × × × Num. Daily True
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Coarse-grained versus specific models

Coarse-grained models

A coarse-grained approach would include few models

learned using data from multiple locations and/or stations

and/or days.

It is intended to make predictions for multiple stations or

multiple days.

Granular models

1 A more granular modeling approach would comprise

several more specific models.

2 They are only valid to make single-location, single-station,

single-day predictions.
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Coarse-grained versus versus specific models

Four models set types defined by different combinations of stations,

locations, and weekdays. N. models refers to the number of models

for the specific combination. N. features refers to the number of

features where r ≥ 0 is a look-back parameter that specifies how

many previous observations of the vehicle volume are used as

predictors.

Models set Station Location Day N. models N. features

I X X X 459 9*r+8

II X X 343 14*r+13

III X X 66 16*r+15

IV X 49 12*r+11
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Choice of the modeling approach

RNNs

Given an input sequence x = (x1, . . . , xn), an RNN computes the hidden vector
sequence h = (h1, . . . , hn) and outputs a vector of sequences y = (y1, . . . , yn) by
applying the following set of equations iteratively for n steps:

ht = f
(

Wxhxt + Whhxt−1 + bh

)

(1)

yt = Why xt + by (2)

where W represent weight matrices, the b terms represent bias and f is the activation
function defined for the hidden layer.
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Choice of the modeling approach

RNNs

Recurrent neural networks (sensitive to gradient

vanishing).

Long-short term model (LSTM) (Hochreiter and

Schmidhuber:1997).

Gated-recurrent unit (GRU) (Cho et al:2014).

Sets of RNNs

We learn recurrent neural network models that group

different types of features.

We compare the suitability of the models in terms of their

global accuracy across problems and the number of

models required.
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Learning RNN models

RNN learning

The way in which the RNN parameters are learned is also

investigated.

Four different gradient optimization methods used to learn

the networks were evaluated.

Gradient optimizers

1 Adagrad

2 RMSprop

3 Adadelta

4 Adam
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Previous approaches

RNN models for multiple predictions

RNN models for the short term load forecasting problem

(Bianchi et al: 2017).

DeepAR, a method based on an auto-regressive RNN

learned on a large number of related time series (Salinas

et al: 2017).

Multiple demand prediction models for a network of gas

stations were investigated in (Khargharia et al:2019) for

MLPs.
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Model validation

Perfomance estimation

Weighted Absolute Percentage Error (WAPE):

EWAPE =

∑n
t=1 |At − Ft |
∑n

t=1 At
(3)

where n is the number of predictions, At is the actual value at

time t and Ft is the predicted value.

Model validation

Available dataset was split into train and test sets.

The train set is further split into train-train and

train-validation sets.
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Comparison among the models

Results

Number of invalid models found for the 49 stations.

NN Optimizer I II III IV

GRU Adagrad 0 0 3 2

GRU RMSprop 0 0 2 3

GRU Adadelta 0 0 7 5

GRU Adam 0 0 1 3

LSTM Adagrad 0 0 3 3

LSTM RMSprop 0 0 3 11

LSTM Adadelta 0 0 8 17

LSTM Adam 0 0 4 13

RNN Adagrad 0 0 0 5

RNN RMSprop 0 1 0 2

RNN Adadelta 0 0 1 5

RNN Adam 0 0 0 1
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Comparison among the models

Results

Average WAPE values for the 49 stations.

NN Optimizer I II III IV

GRU Adagrad 0.282 0.354 0.215 0.278

GRU RMSprop 0.276 0.360 0.213 0.259

GRU Adadelta 0.266 0.345 0.229 0.301

GRU Adam 0.263 0.341 0.220 0.293

LSTM Adagrad 0.278 0.394 0.230 0.300

LSTM RMSprop 0.334 0.398 0.234 0.301

LSTM Adadelta 0.330 0.440 0.244 0.289

LSTM Adam 0.293 0.397 0.243 0.249

RNN Adagrad 0.191 0.288 0.200 0.221

RNN RMSprop 0.193 0.275 0.202 0.208

RNN Adadelta 0.184 0.292 0.213 0.234

RNN Adam 0.191 0.276 0.207 0.233
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Conclusions

Conclusions

Condensing information from related problems in a single model can significantly
reduce the number of predictors that is necessary to maintain.

This can be done at a small decrease in terms of prediction accuracy.

Different RNN variants can produce different outcomes in terms of accuracy.

RNNs also behave differently at the time of incorporating information from
multiple datasets.

In our problem, the simplest RNN architecture has produced the best results for
all models sets considered.

The influence of the choice of the gradient optimizer is insignificant.
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