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Abstract

The paper is focused on comparison of actual vaaurek predicted values of revenues to
passed kilometer of bus connections. The modebsed on prediction of bus carrier’s
revenues by force of neural networks (NN). Themees are part of a demonstrable loss
calculation.
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Public Services Financing in Public Passenger Transport

The basic transport services (BTS) security is adition of access possibility to other
public services.

Public passenger road transport and railway passdransport standards are formulated
universally but this universality is an advantafjemakes possible regional authorities to
determine the range of BTS according to local comas. The time and local bus line
accessibility is determined in according to locatjuirements. The Regional Authority is
a guarantor of this BTS. The Regional Authority passibility is to grant bus carrier
demonstrable loss cover. It is caused by the dimbigaof the public services contract
fulfillment. The special-bound subsidy is approf@chfrom the state budget for demonstrable
loss cover. This kind of the subsidy is possibleuse onlyfor a predetermined task
fulfillment.

The Road Traffic Licensing Department Function

One of region functions is to determine an extdrihe BTS [8]. The Regional Authority
has a function of the Road Traffic Licensing Depemt (RTLD) in the Czech Republic. It is
in subscriber role of future provided the servigeblis carriers to citizens. The bus carriers are
providers of the public services.

The RTLD makes contract of public service obligatio security of the BTS. There is
arelation between regional budget and budget «f barriers which is based on the
demonstrable loss. This loss is compensated byR#ggonal Authority. This situation is
described in [1] and in [9].

Existence of the public interest to the BTS seguhitough the public service obligations is
conditioned by existence of budget resources fsrube reserved.

In the time of contracts conclusions (contract garaccording to [9] an estimate of the
future demonstrable loss that is calculated ofdaugers) RLTD will be able:

« to predicate by force of the PM revenues of buseotions that is content of contract;

« to determine extent of the financial resources #ratneeded for the demonstrable loss
financing;

e to evaluate if the demand of bus carrier for thangrof financial resources is in
accordance with reality.
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Example of Subsidized Bus Connection Financing

The example describes a sample of the revenuessgeg kilometer afbus connection in
CZK in months September and October in the yea@3 20hd 2004. The Fig. 1 shows forty
values of the actual revenues to passed kilomdterbus connection in CZK in months
September and the losses to passed kilometebo$ connection in CZK in September of

years 2003 and 2004. The Fig. 2 shows values iol@ctof the years 2003 and 2004. The
total values are in Tab. 1 and Tab. 2.
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Fig. 1. Values of the revenues to passed kilometer antbfises to passed kilometer of bus
connections in September in the years 2003 and 2004

60

Revenue in [CZK]

-40

Bus Connection

\ ---@--- 10_Actual_REV_03 —e— 10_Actual_REV_04 —a— 10_Loss_Passed_Km_04 \

Fig. 2: Values of the revenues to the passed kilometetrantbsses to the passed kilometer
of bus connections in October in the years 2003204

The all bus connections are unprofitable in Figintl Fig. 2. The RLTD must to subsidy
the bus connections that serve to BTS security. stiisidy size to passed kilometer is 26.00
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in CZK in months September and October in the 2883. In the year 2004 in these months
it is CZK 26.95. The RLTD determines the subsidedb passed kilometer.

Prediction Model for Financing of Basic Transport Services

Phases of the goal realization are representeldeirFig. 3. The first phase is a problem
specification. The second phase is a data premingeand a data collection. The output of
this phase is the data matrix that will be usethephase of the PM creation. In the phase of
PM creation are used feed-forward neural networkse PM is created in software
Clementine 7.B The next phase is the results evaluation andiribkis results application in
given public administration level.
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Fig. 3: Phases of prediction model creation

Feed-forward Neural Networks

The basic element of a NN is a neuron. This isygk virtual device which accepts many
inputs, sums them, applies a transfer function, aagputs the result, either as a model
prediction or as input to other neurons. A NN &racture of many such neurons, connected
in a systematic way. The NNs are described for gtain [2, 5, 6 ,7].

In PM in Clementine are used feed-forward NN [7heTneurons in such networks are
arranged in layers. An example of three-layer NiMcstre is in Fig. 4. There are typically
three parts in a NN: an input layer with units es@nting the input fields, one or more hidden
layers, and an output layer with a unit or unifgresenting the output fields. The units are
connected with varying connection strengths or WsigThe network learns by examining
individual records, generating a prediction for reaecord, and making adjustment to the
weights whenever it makes an incorrect predictidnis process is repeated many times, and
the NN continues to improve its predictions untiecor more of the stopping criteria have
been met [7].

The training of a feed-forward NN uses a methotedadBackpropagation of error. For each
recordpresented to the NN during training, information {he form of input fieldsfeeds
forward through the NN to generate a predictionmfrthe output layerThis prediction is
compared to the recorded output value for theitrxginecord, and the difference between the
predicted and actual outputs is propagated backtsaodigh the NN to adjust the connection
weights to improve the prediction for similar pati®[7]. For training in Clementine are used
following methods: Quick, Dynamic, Multiple, Pruaed Exhaustive Prune. The methods are
described in [7].

! Clementine is an enterprise data mining workberfi3RSS Inc. that enables to quickly develop pregianodels using expertise and
deploy them into operations to improve decision imgkit supports all steps of standard methodologYSP-DM (Cross-Industry Standard
Process for Data Mining).
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Fig. 4: The three-layer NN structure

Result of Prediction

The data matrix contents 1 dependent input vari&#®/ r; (revenue to the passed
kilometer ofi bus connection in CZK in year 2003) and other 133ut variables that are
independent. There arBEP g; (a departure time of bus connection from starbog stop);
MON f; (a month when bus carrier carries on transporbws connection and which they
raised revenuesiKM g; (a total lengthi bus connection in kilometersEMUnk kn; (a
municipality n that was assigned to clustky and ANKMn pn; (an average number of
kilometers in municipalityn that was assigned to clusterit follows from number of bus
stops in municipality and number of bus conneckibmmeters passed in municipality. The
output of PM is predicted month revenues to pakgedheter ofi bus connection gfbus line
fi wherei0<1; 67>andj0<1; 105>.The input variables and the PM are described in [3]

The data matrix contents 5 389 objects (bus cororesthat are described with variables
above). It is divided into training set and testsed. From training set it is chosen a part of
date for validation. According to [6] a possibleesof validation set is in range from 10 % to
50 %. The size of testing set is 1796 objects tine third of objects from the total size of
the data matrix.

Many tests were realized in the PM. The methodwvealveere used for the NN training.
The tests differ in setting stop criterions (timé&2and 10 minutes for NN training) and size of
validation sets (15 % - 40 %). Model effectivenéssexpressed by mean absolute error
(MAE) [4, 5]. The results of all predictions aresdeabed in [3]. The MAE of the best model
is 5.057 in CZK.

Comparison of Results

The comparison of actual and predicted revenueshéo passed kilometer daf bus
connection in CZK is showed on forty randomly chobes connections. The actual revenues
in September and October of year 2004 were not fegenlaining, validation and testing in
PM. It is used only for comparison of predicted actlal revenues.

The actual revenues and the predicted revenuebet@assed kilometer and losses to
passed kilometer in September are in Tab. 1. IteBdper in the year 2004 the average loss to
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the passed kilometer in this sample is CZK 14.88 #me total loss of all forty bus
connections is CZK 270 495.78.

Tab. 1. Sample of forty bus connections — in Septembéh@fyears 2003 and 2004

Total Revenue in [CZK]
9 Actual REV_03 571.18
9 Predicted REV 03 489.53
9 Actual REV_04 484.72

In Fig. 5 are showed values of actual revenues @edicted revenues to the passed
kilometer ofi bus connections in September of years 2003 andl. 200
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Fig. 5. The actual revenues and predicted revenues gflfiog connections
in September of the years 2003 and 2004

The values of actual and predicted revenues toptssed kilometer and losses to the
passed kilometer in October are in Tab. 2. In Cata the year 2004 the average loss to the

passed kilometer in this sample is CZK 14.01 ardtdtal loss of all forty bus connections is
CZK 198 110.07.

Tab. 2. Sample of forty bus connections — in Octoberloé years 2003 and 2004

Total Revenue in [CZK]
10 Actual REV 03 665.66
10 Predicted REV_03 601.43
10 _Actual REV_04 595.36

In Fig. 6 are showed values of actual revenues @edicted revenues to the passed
kilometer ofi bus connections in October of years 2003 and 2004.
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Fig. 6. The actual revenues and predicted revenues gflfiog connections
in October of the years 2003 and 2004

Conclusions

By force of PM that is based on feed-forward NNvés achieved the MAE 5.057. The
result comparison was made on the randomly choaerple of forty bus connections in
months September and October of the years 20032@6d. The total sums of predicted
revenues and actual revenues are in Tab. 1. and2Tdlhe difference between the predicted
revenues and actual revenues in September of tre2p®4 is CZK 4.81. In October the
difference is CZK 6.07. In September of the ye@d2the difference between the predicted
revenues and actual revenues is CZK 82.27. In @ctsbCZK 64.23. In the sample of bus
connections the prediction approximates to theahctvenues in September and in October
of year 2004.
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