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CALIBRATION OF LOGIT MODAL SPLIT MODELS WITH FEED 
FORWARD BACK-PROPAGATION NEURAL NETWORKS 
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Abstract. The presented study examines the possibilities of obtaining better logit 
mode choice models for home-based work trip purpose in Istanbul metropolitan 
area by calibrating binary logit modal split models with the employment of feed 
forward back-propagation algorithm trained neural networks. A two-variable logit 
model with the trip cost and the trip time variables is calibrated to split trips to 
private car and public transport modes. The calibration data is aggregated at an 
appropriate level considering the previous studies’ and master plans’ outcomes. 
Following the neural network calibrations, the two-variable logit model is 
calibrated with linear regression method. The results were then compared. 

1. Introduction 

Istanbul, the largest urban settlement area in Turkey, has enormous commercial, cultural, 
and historical significance. This study examines the possibilities of obtaining better logit 
mode choice models for daily home-based work trips in Istanbul metropolitan area by 
calibrating binary logit modal split models with the employment of feed forward back-
propagation algorithm trained neural networks. By means of the intersectorial trip data 
obtained by the aggregation process at a level of 22 sectors; a two-variable binary logit 
model with trip cost and trip time variables is calibrated for home-based work trips to split 
trips to private car and public transport modes. Data aggregation for the calibration is done 
considering the outcomes of previous studies and master plans for Istanbul metropolitan 
area. Following the neural network calibrations, the two-variable binary logit model is 
calibrated with linear regression method. The results are then compared in terms of selected 
performance criteria. 
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2. Mode choice 

The postulation of the choice process, being subjected to not only deterministic but also 
random effects enables the integration of both two assumptions and construction of a 
stochastic model. Therefore, random functions “V(.)” producing different values with 
certain probabilities are considered to represent choice appropriately. The perceived utility 
“U(.)” of the choice maker then becomes a random function which results in a stochastic 
process, as the specific values taken by random components of “U(.)”. This postulation 
considering the consistency of choice behaviour with random utility maximization enables 
us to write a random utility model shown with the Equation 1. 

)()()( ieiViU +=  (1) 
Here, “U(i)” refers to the choice function of alternative i, “V(i)” refers to the 

deterministic function of the attributes of i, and the stochastic component “e(i)” refers to a 
random variable following some distributions. Depending on the random utility 
maximization concept, probabilities among alternatives can be written in terms shown with 
Eq. 2 and Eq. 3. 

( ) ( ) ( )[ ]ij all for   jUiUpip ≠>= ,  (2) 
( ) ( ) ( )[ ]

( )
( ) φφ dfij  all for    iejViVF i

ie
∫ ≠+−= ,   

(3) 
 

Equation 3, a useful choice model, has the joint distribution function “F[.]” of the 
random components and the marginal density function “f(φ)” of e(i) [4]. The most 
commonly calibrated choice models at both aggregate and disaggregate levels are logit and 
probit ones with their various structures for different data sets generally to estimate user 
choices. 

3. Methodology 
The calibration process of a choice model consists of estimating parameter values, 
evaluating the statistical significance of the estimates, and then validating the model by 
comparing its prediction with the observed behaviour [4]. In this study, a binary logit model 
is calibrated with a neural network (NN) method and linear regression (LR) analysis in 
order to split daily home-based work (HBW) trips (52% of the total purpose trips) to 
private car and public transport modes. 

3.1. Model variables and data aggregation 
Zonal data used in the study are aggregated by uniting the relevant zones. 29 of the 33 
counties of Istanbul are originally divided homogeneously to obtain zones appropriate for 
planning and giving usable data in the sense of land use and socio-economic characteristics, 
which lasted in 209 zones [8]. These zones are then grouped to acquire bigger sectors; by 
considering to bring neighbouring zones that show similar social, economical and physical 
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characteristics together. The aggregation level for data used in this study is preferred as 22 
sectors considering the outcomes and suggestions of the previous studies [9, 8, 1]. 

Knowing that individuals not having the opportunity to use private car (PC) tend to use 
public transport (PT), HBW trips are evaluated as trips made by car available users. Daily 
HBW trips as the dependent variable and trip costs and trip times belonging to HBW trips 
as independent variables are used in both two calibration processes. Each data set, origin-
destination (OD) trips, trip costs and trip times, formed 22*22 sized matrices, but; 103 of 
484 pairs were able to be used in numerical analyses due to empty cells in the matrices.  

3.2. Applied model 
In the model structure, modal usage in inter-sectorial trips is related with the utility function 
“U” (Equation 4 and Equation 5) including the trip cost and trip time variables. With the 
binary logit model, P9ijC, the probability of an individual using PC mode between zones i 
and j, can be calculated as in Equation 6. 
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Here; CijPT, CijC,TiPTT, and TijC refers to, inter-sectorial costs for public transport trips, inter-sectorial costs for private car trips, inter-zonal trip times for public transport trips and 
inter-zonal trip times for private car trips between zones i and j respectively. λ is the 
calibration coefficient and δ is the mode specific constant of public transport. 

According to the binary logit model, P9ijPT , which is the probability of an individual 
using PT mode between zones i and j can be calculated as in Equation 7. 
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In order calibrate the model and do comparison between field data and predictions, the 
prior probabilities of modal usage, PijC and PijPT , are calculated as in Equation 8 and 
Equation 9, where; ODTRijC and ODTRijPT are the person trips between i and j nodes with 
PC and PT modes respectively. 
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3.3. Artificial neural networks 

Application of soft computational methods, especially ANNs, on travel mode choice 
modeling is not encountered frequently. Xie et al. studied the capability and performance of 
two emerging pattern recognition data mining methods, decision trees and neural networks, 
regarding mode choice modeling as a pattern recognition problem in which multiple human 
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behavioral patterns reflected by explanatory variables determine the choices between 
alternatives [10]. In their research, models based on these two techniques are specified, 
estimated, and comparatively evaluated with a traditional multinomial logit model. 
Vythoulkas and Koutsopoulos studied on modeling discrete choice behavior using concepts 
from fuzzy set theory, approximate reasoning and NNs [11]. They used NNs for calibrating 
the fuzzy rule weights, which capture the importance of a particular rule in the decision 
process. Sayed and Razavi introduced an approach to behavioral mode choice modeling 
using neurofuzzy models by combining the learning ability of ANNs and the transparent 
nature of fuzzy logic and tested the selected model on the U.S. freight transport market 
using information on individual shipper and individual shipments [7]. Nijkamp et al. 
analysed the modal split between rail and road transport modes in Italy by means of two 
competing statistical models, the traditional logit model and the new technique for 
information processing, the feed forward NN model [5]. Hensher and Ton studied NNs by 
comparing the predictive capability of ANNs and nested logit models in the context of 
commuter mode choice [3]. 

In the neural network model, the neuron is the basic component. The multi layer 
perceptron structure is a fully interconnected set of layers of neurons. Each neuron of a 
layer is connected to each neuron of the next layer so that only forward transmission 
through the network is possible, from the input layer to the output layer through the hidden 
layers. In this structure, the output Yi of each neuron of the nth layer is defined by a 
derivable nonlinear function F as shown with Equation 10. 
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Here; F is the nonlinear activation function, wji are the weights of the connection between the neuron Nj and Ni, yj is the output of the neuron of the (n-1)th layer. 
For each input vector presented into the network, the set of connection weights between 

the different neurons determines the answer of the network in the output layer. Partial 
specifications of the problem allow us to measure the output error of the network and to 
adjust its behavior. An iterative algorithm does the adjustment during the training phase of 
the neural network. The average system error or the mean squared error (MSE), E, for all 
input patterns is shown with Equation 11. 
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Here; dni is the system output value, di, for the nth pattern and yni is the neural network output value, yi, for the nth pattern. As the form of the mapping F a priori is not known, an approximation is sought. The 
development of artificial neural networks (ANNs) offers an alternative to function 
approximators. The back-propagation neural network (NN), which has only a finite number 
of parameters, can approximate most bounded functions with arbitrary precision [2] and is 
used here to approximate F. A multi-layer back-propagation neural network NN(.) ∈ Rm is 
a mapping constructed recursively by a vector linear/nonlinear functions, shown with 
Equation 12. 
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Here; n is the number of layers; Wi is the linear operator of proper dimensions where i = 
1,…, n; υi is the bias vector, where i = 1, …, n; UI is the input vector of the neural network; 
Χ is the vector-valued linear/nonlinear mapping (transfer function); W = [W1, …, Wn]; and 
Θ = [υit, …, υnt]t(t denotes the transpose of vector/matrix). 

A NN is non-linear if at least some of its transfer functions are non-linear. A typical 
non-linear transfer function is the sigmoid function, shown with Equation 13. 
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The weight matrices W1, W2, …, Wn and bias vectors υ1, υ2, …, υn are adjusted by a learning rule called back-propagation, which is gradient descent method to minimize output 
error with respect to the weights and thresholds [6]. 

4. Calibrations 

4.1. Neural network method 
Calibration process of the study consisted of two steps which are training and testing 
respectively. The prediction problem is transformed into the following minimum norm 
problem: The utility function, U, prediction problem giving the observation vector series 
(UIk, Yk), find a back-propagation neural network such that ||P(UIk) – NN(UIk)||2 is minimal 
where U is the input vector of the NN and Yk+1 = P(UIk). A code in C language was written for FFBP simulations. 

In the light of the FFBP method, the solution to the minimum norm problem involves a 
number of steps. The first one is the choice of UIk the model inputs; the second is the 
selection of layers and Ψ, and the final step is the attainment of parameters that minimise 
the 2-norm. 

The values of the training inputs and outputs were scaled between 0 and 1 for each NN 
model. Each of the independent variable of the utility model, CijPT, CijC,TiPTT, and TijC , is selected as an input node, so; the input layer of the NN consisted of four nodes. The unique 
output layer node represents the utility function U to be predicted. The configuration of the 
selected NN is shown with Figure 1. 

During the training stage of FFBP NNs; the first 65 of 103 OD pairs’ modal usage were 
analyzed, the last 38 were then used to examine the performance of the testing phase. The 
reason for considering the first 60 to 70 section as the training data was the higher and 
lower period maximum and minimum values, respectively, compared with testing data. The 
optimum number of training pairs is selected considering the minima existed after the plot 
of MSE terms on scaled training pairs with 4 hidden units in the single hidden layered NN. 



Calibration of logit modal split models with feed forward…  721 

 

 
Figure 1. Configuration of the selected NN. 

Because the second step is largely a trial-and-error process and experiments involving 
NNs with hidden units more than 8 didn’t show any sizeable improvement in prediction 
accuracy, a three-layer, 8 hidden units back-propagation neural network with the sigmoid 
function Ψα,β(x) as it is non-linear transfer function is selected (FFBP(4,8,1)). In the 
training process, the iteration number 175 was found sufficient in respect to a fixed MSE 
term (0.0083936) on scaled values. After the completion of the training stage, testing stage 
took place. 

4.2. Linear regression method 
Via linear regression (LR) method; the statistics for a line by using the least squares method 
to estimate a straight line that best fits data is calculated. The equation for the line which 
represents the utility function is shown with Equation 14. 

bxmxmy +++= K2211  (14) 
The dependent y-value is a function of the independent x-values. The m-values are 

coefficients corresponding to each x-value, and b is a constant value; where ‘U’ is the 
dependent variable, ∆C and ∆T are the independent variables and δ is a constant. According 
to LR calibrations of the utility function, the probability of choosing private car in 22 
sectors with respect to trip cost and trip time calculated by the most accurate model is 
shown with Equation 15. 
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4.3. Comparison of calibration methods 
The predictions on the utility function (the outputs of the NN) are backscaled to original 
values and substituted in the logit model given with Equation 5 to obtain the predictions in 
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term of daily OD person trips (ODTR9ijC and ODTR9ijPT). To test the efficiency of the NN calibration method and represent the deviation of predictions from the field data; 
predictions and observations are used to calculate the terms of the root mean squared error 
(RMSE), the coefficient of determination (R2), and the root mean squared percent error 
(RMSPE) and arranged in Table 1. 

Calibration method RMSE (daily OD person trips by PC mode) RMSPE (%) R2 
FFBP NN (4, 4, 1) 304.1228 7.5749 0.9939 
FFBP NN (4, 5, 1) 287.2975 7.1873 0.9940 
FFBP NN (4, 6, 1) 261.9192 6.7536 0.9956 
FFBP NN (4, 7, 1) 244.9344 6.4701 0.9970 
FFBP NN (4, 8, 1) 232.0331 5.8799 0.9986 
Linear Regression 339.8306 8.2338 0.9897 

Table 1. RMSE, RMSPE, and R2 values obtained from the models calibrated. 

In both periods, training and testing, including the minima and the maxima of the field 
data the ANNs provided pretty close estimates whereas the LR model failed by over and 
under estimating the observations. The results point out that the forecasts after ANNs 
calibrations for the observed values are closer to the original ones compared with the LR 
calibration forecasts. 

The superiority of ANNs over conventional methods in prediction studies can be 
attributed to the capability of ANNs to capture the nonlinear dynamics and generalize the 
structure of the whole data set. The nonlinear relationship of the utility model with cost and 
time variables is modeled more appropriately with utilizing nonlinear transfer functions in 
the nodes of the hidden layer of NN configurations. 

Neural networks have a distributed processing structure. Each individual processing unit 
or the weighted connection between two units is responsible for one small part of the input–
output mapping system. Therefore, each component has no more than a marginal influence 
with respect to the complete solution and that the mechanism will still function and 
generate reasonable mappings. 

FFBP simulations were required until obtaining a satisfactory performance criteria since 
FFBP method performance is very sensitive to the randomly assigned initial weight values. 
Besides requiring a quite long duration for successful simulations, learning with gradient 
descent training algorithm caused local minima problem in FFBP simulations. 

5. Conclusions 

Calibrating modal usage is key to develop precautions before the forthcoming investments 
for an urban area. In this study an ANN utility function estimating model and a LR 
equation model for utility function are developed and compared. Among the performed 
calibrations, significant improvements in the prediction are made by the neural network 
method due to its flexibility to adapt to nonlinear relationships. Another advantage of the 
application of neural networks is being trained with measurements, hence; the included 
propagation effects are more realistic. Facing the local minima problem is a drawback of 
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the FFBP training algorithm. It can be said that various kinds of learning algorithms should 
be assessed during the training process to overcome this drawback. 
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