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Abstract— For effective operation of a transportation system design of the maintenance scheduling of vehicles has its own 
implication.  At present, every transportation system recommends inspection based planning to deal maintenance activity of 
vehicles in a transportation system. These scheduling activities help the operator to organize maintenance activity along with 
identification of proactive failure situation. In order to avoid the dilemma like premature aging and failure of vehicles in 
transportation system responsible for spontaneous and costly maintenance charges, at regular intervals it is imperative to 
carry out preventive maintenance (PM). This paper presenting neural network approach, which has been used for application 
of scheduling, Scaled Conjugate Gradient Descent algorithm (SCGD) and Levenberg-Marquardt Method has been utilized 
and compared.  
 
Index Terms— Maintenance scheduling, Preventive maintenance, Neural network, supervised learning 
 
I. INTRODUCTION  
 
Preventive maintenance (PM) of vehicle 
transportation system has a significant impact on 
transportation concert. Inspection planning is a 
method of transportation, which is used to access the 
safety and operational circumstances of vehicles.  
Usually, an organization/industry with transportation 
system keeps the record of the maintenance plan and 
fleet history for all the vehicles manually in order to 
avoid failure of services, which has its own drawback. 
The maintenance plan may also vary from 
recommended maintenance plan provided by the 
manufacturer depending upon numerous factors and 
circumstances. Basically, scheduled maintenance, 
repair, maintenance and on-condition maintenance are 
the three main types of maintenance activities. Failure 
of vehicles can be classified into in-service failure and 
incidental failure. An in-service failure is detected at a 
time, when the replacement will cause interruption of 
services, while an incidental failure is identified on 
expiration of the equipment or component. To 
overcome it, after survey, data may be used to 
implement new techniques like fuzzy logic and neural 
network for automatic scheduling of maintenance of 
vehicle. The research work has been done up till now 
only for fleet management of vehicles [1].  In this 
work, medium load of vehicles has been taken in to 
consideration to develop maintenance scheduling of 
the vehicles.  
 
The neural network has a large number of 
interconnected nodes, which exhibit the capability to 
learn and simplify from training patterns or data. Like 
fuzzy logic, neural network can execute processing 
which resembles the human brain. Nowadays, 
applications of the neural network are preferred 
worldwide, for text to speech conversion, vision 
processing network and nonlinear self-tuning adaptive 
control. For constrained optimization problems, 

Hopfield-type recurrent networks have been used 
based on “penalty methods”. The neural network has 
two advantages; one is its learning capabilities and 
second is distributed representation. Amongst three 
learning classes, the unsupervised learning procedure 
assembles internal models to capture regularities in 
their input vectors without having any prior 
information. These are appropriate to get clusters of 
data indicative of the existence of fuzzy rules. In 
distributed representation, a pattern of activity is 
distributed over numerous computing elements, where 
each computing element represents many different 
values. Some applications of scheduling like job shop 
scheduling  [2] have been solved, with the help of a 
competitive learning rule presents an effective and 
sound solution , On the basis of state input 
information, i.e., training data of neurons of the 
operation of Hopfield neural networks  select neuron 
output.  Nowadays, various techniques have been 
developed to resolve the problem of scheduling such 
as, linear programming, classical local search heuristic 
algorithm and multi-processor task scheduling. 
 
In this paper, all uncertainties related to the 
parameters, such as past running hours, operating 
condition of the vehicle, and fuel consumption rate 
have been considered and a neural network technique 
has been developed for automatic scheduling of 
maintenance of vehicles. In this paper, geographical 
information system (GIS) based knowledge has been 
considered as inputs, which are terrain/texture of the 
road, mileage of the vehicle and applied load on the 
vehicle in order to develop an economic system for 
automatic maintenance of vehicles. The primary goals 
of maintenance scheduling are to preserve vehicles in 
safe operating mode, ensuring each vehicle to operate 
at crest efficiency, maximizing vehicle life and 
minimizing vehicle service failures. 
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This paper is organized in following manner section II 
deals with Overview on Neural Network Model, 
section III is presenting constraint of Scheduling. 
Section V deals with the case study with results and 
the last section consist of conclusion of the proposed 
work. 
 
II. OVERVIEW ON  NEURAL NETWORK 
MODEL 

 
The most important task in application areas of 
artificial neural networks (ANN)[3] is to classify the 
training of  neural networks, which  is a complex task 
in the supervised learning. The complexity increases 
in accepting ANN is to find the most fitting 
combination of learning, transfer and training function 
for the classification task. Among the various method, 
comparative work for the Levenberg-Marquardt 
algorithm (LM) and Scaled Conjugate Gradient 
Descent algorithm (SCGD) has presented in this 
paper.  
 
An artificial neural networks (ANN) is a biologically 
stimulated computational self-possessed replica of 
different dispensation elements called artificial 
neurons. Basically those are related through 
coefficients or weights to form the structure of neural 
network. The processing element contains weighted 
inputs, transfer function and outputs There are 
different types of neural networks designed with 
different structures[4], depending upon the way of 
training or learning rule and/or by the connection 
formula. ANN is composed with single-layer or 
multiple layers[4]. Simple problem single-layer gives 
its best but as the complexity of the problem increases 
multilayer perceptron (MLP) gives the its best. As 
additional hidden layers are used in MLP, which 
results in the drawback of the single-layer perceptron 
gets defeated [3]. 
 
Pair of input and target is used to train the neural 
network  which has the ability of learning. In MLP, 
back propagation (BP) learning algorithm is used, 
where input data is fed forward through the network to 
optimize the weights between neurons. Change of the 
weights is done by backward propagation of the error 
all through training period. the input and target values 
of the network has utilized for  the training data set[5] 
so as to reduce the difference between the output and 
target values by the updating the weight. The process 
of error  minimization at  several training cycles 
known as  epoch. Throughout these cycle, network 
achieves its precise level of accuracy. Ability of in 
MLP increases with the selection of the number of 
layers and number of processing elements .for very 
few of them results  to  slow down of learning 
procedure and too many of them results over fitting or 
memorization of the training data set.  
 

This paper has focused on different training 
algorithms, the MLP  has to be trained to obtain the 
target as per the  trinning pattern which results in to 
have  the best training functions . performance 
valuation of training functions parameters are 
recognition accuracy, speed of training, precision 
along with it  the most important parameter is the 
mean squared error (MSE) 
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Where y is the target whereas observed output is 

presented as 


y   with  N  number of data set. 
 
Training Algorithms for Neural Network Model 
Neural network model  can be trained with several  
training algorithms which can be used to train a 
network. For the maintenance scheduling of the 
vehicle Levenberg-Marquardt algorithm (LM) and 
Scaled Conjugate Gradient Descent algorithm 
(SCGD) has used to train the network. 
 
As mentioned earlier identify the required setting to 
find the most fitting combination of learning, transfer 
and training function  to optimize a performance 
function based on the error between the target and 
observed outputs of  the plant. supposed the weight 
matrices of the neural network anticipated as the 
identifier  to have  same target value and the observed 
output  for any specified inputs of the plant, with all 
initial condition remain constant.  With this 
consideration neural network model has simulated at 
different operating conditions. At the time of training 
process  minimization process of the network 
performance function has carried out with the weights 
and biases of the network adjusted  iteratively. The 
performance function used for the neural identifier 
under consideration is the mean square error, mse, 
given by 
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Where, N is the size of the training dataset,  difference 

between the target  y and predicted value 
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as the error ie  is the error when the thi input is 
present. The performance index V in (7) is a function 
of weights and biases  nWWWWW ...,, 321 . 
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Modification of the W  improves the the performance 
of the neural network ,that remains continuous till 
desired level of the performance index, i.e. 

 )(min WV  w.r. to W is attained. After that  the 
gradient required for this, which  is given by back 
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propagation. the way of use the gradient to update the 
weights of the network and are known as the variants 
of the Back propagation algorithm. 
A brief overview of the different algorithms 
considered in this work is given under: 
 
Scaled Conjugate Gradient Descent algorithm 
(SCGD):  
The gradient descent algorithm updates the weights 
and biases along the steepest descent direction but is 
usually associated with poor convergence rate as 
compared to the Conjugate Gradient Descent 
algorithms, which generally result in faster 
convergence. In the Conjugate Gradient Descent 
algorithms, a search is made along the conjugate 
gradient direction to determine the step size that 
minimizes the performance function along that line. 
This time consuming line search is required during all 
the iterations of the weight update. However, the 
Scaled Conjugate Gradient Descent algorithm does 
not require the computationally expensive line search 
and at the same time has the advantage of the 
Conjugate Gradient Descent algorithms. The step size 
in the conjugate direction in this case is determined 
using the Levenberg-Marquardt approach. The 
algorithm starts in the direction of the steepest descent 
given by the negative of the gradient . The change in 
weights and biases with this algorithm are calculated  
by 

KKK VWW  1      

Where, KW is the vector of the present weights 

and biases, KV  is the present gradient of the 
performance function and   is known as the learning 
rate.   
Where, is the step size determined by the Levenberg-
Marquardt algorithm. The next search direction that is 
conjugate to the previous search directions is 
determined by combining the new steepest descent 
direction with the previous search direction and is 
given by 

1 KKKK yVy   

The value of K  is as given in [26], by 
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Where K  is given by 
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The Levenberg-Marquardt Method: is  a technique 
which gives the solution of nonlinear least squares 
problem. This method  is combination of  the gradient 
decent method and the Gauss-Newton method 
minimization methods. Both the methods has its own 
significance, in Gradient Descent algorithm (GD),  the 
weights and biases of the network, is customized in a 
direction that minimizes  the performance function 

most rapidly, i.e. the performance function with the 
negative gradient.  
The parameters moves in the direction of steepest 

decent which is given  by )(


 yyWJH T  
In the Levenberg- Marquardt algorithm, variation 

of the parameter flanked by Gradient decent and 
Gauss Newton.As the performance function is a sum 
of squares of non linear function, the Hessian matrix 
required for updating the weights and biases need not 
be calculated and can be approximated as 

)()( WJWJH T  
The updated weights and biases are given by 

  )()(1
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Where, µ is a scalar and I is the identity matrix. 

nm Jacobian matrix is   
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the local sensitivity of the function 
^
y  as per variation 

of  the parameters P .W is the weighting matrix. 
 updates results in Gauss-Newton method for small 
values whereas large values results in gradient descent 
method.  
 
III. CONSTRAINT OF THE SCHEDULING 
 
For the maintenance schedule and safety of a vehicle 
following constraints has been contemplated while 
designing the model: (i) Terrain (ii) Mileage of the 
vehicle. (iii) Load i.e., Travel swiftness [6].  

 
A. Terrain  
Classification of the terrain is anticipated for 
classification of surficical resources by weather 
conditions, biological accretion, manual and volcanic 
bustle  [7,8]. Information about the terrain assists in 
handling of vehicles in safe mode effectively. Terrain 
can be classified into different classes based on 
gradient; five slope classes are recognized by the 
national terrain classification system (NTCS) [ 9]. 
Five slopes classifies as follows: class1 for 0-20% 
gradient, class2 for 13 to 20% gradient, class 3 for 21 
to 35% gradient, class 4 for 36 to 50 % of gradient and 
class 5 for gradient 51% and above. 

 
B. Load 
Classification of vehicles depends upon several 
entities and is usually based on the gross vehicle 
weight rating (GVWR) [10]. As per the American 
Automotive Manufacturers Association (AAMA), the 
GVWR is the maximum weight a vehicle is allowed to 
bring, including the weight of the vehicle, driver, 
payload and fuel. The load is classified as a light load, 
medium load and heavy load. In this work, medium 
type of load has been considered. The medium type 
load is further classified as class IV, class V and class 
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VI for load 6358 -7257KG, 7258-8845KG, and 8846-
11793 KG respectively. 
C. Mileage  
The fuel economy in an automobile is described by 
mileage of a vehicle. In other words, it is the distance 
travelled in miles per liter or kilometer per liter 
(KM/L). Mileage of a vehicle is classified as Low, 
Average, and High for 0-13 KM/L, 14-16KM/L and 
17-25 KM/L respectively. 
There are some factors which may affect the fuel 
economy of a vehicle, like frequent use of the 
accelerator and brakes, due to cold weather and 
frequent short trips. 
For maintenance of vehicles, different factors like 
aerodynamic, engine strength collectively affect the 
mileage, that’s why this factor has not considered 
separately. 
Fig. 1 gives the details of a GIS based vehicle tracking 
system, which consists of global positioning system 
(GPS) receivers and global system for mobile 
communication (GSM) modem. The GPS is a space-
based satellite navigation system, which provides 
location and timely information in all climatic 
environments. The GPS receiver of the tracking unit 
collects the latitude, longitude and speed information 

about the vehicle and sends it to the microcontroller, 
and then the GSM module communicate with the 
microcontroller to access and send this data to the 
server via a previously established general packet 
radio service (GPRS) connection.  
Daily report has been generated from GIS based 
vehicle tracking system to collect the details about 
vehicle location, date & time, direction, speed and 
distance traveled as per TABLE I. data obtained from 
TABLE I utilized to calculate the percentage gradient, 
slope and corresponding speed of the vehicle.  
 

 
Fig. 1. GIS based vehicle tracking system 
 

 
TABLE I DAILY REPORT GENERATED FROM GIS BASED VEHICLE TRACKING SYSTEM 

 
 

IV. NEURAL NETWORK BASED SOLUTION 
FOR MAINTENANCE SCHEDULING OF 
VEHICLE 
 
This section deals with the implementation of neural 
network for application in maintenance scheduling of 
vehicles for a transportation system. 
A neural network with three input nodes (one for each 
input), ten hidden nodes and four output nodes (one 
for each possible output class) has been considered for 
maintenance scheduling of vehicles. The input 
variables of the neural network are terrain, load and 
mileage of the vehicle and output is the kilometer run 
after which maintenance is needed. The output has 
been classified into four maintenance stages S1, S2, 
S3 and S4 representing the required maintenance after 
5500 KM, 6500 KM, 7500 KM and 8500 KM run, 
respectively.  In this work, normalized values of 57 

training data are used in neural network design. Some 
sample training data are shown in TABLE II.  As 
mentioned in TABLE II, preconditions are defined, 
which are terrain, mileage and load, with respect to 
these consequences are represented as running a 
kilometer after which maintenance is required. For 
example, if terrain in terms of % gradient is 20, 
mileage is 12.5 KM/L and total load on the vehicle as 
per GVWR is 8894 KG, the corresponding 
consequence is 7000 KM, which gives the information 
about the required maintenance of vehicle after 
running 7000 KM. 
When SCGD and LM training algorithm has 
implemented for the for above maintioned inputs and 
output with  10 & 20 hidden layers.  Fig 2(a) Output 
with 10 Hidden layers  2(b) Output with 20 Hidden 
layers. 
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Table III shows the comparison between training 
algorithms SCGD and LM for 10 & 20 hidden layers. 
As compared to 20 hidden layers both the training 
algorithm has better response for 10 hidden layers 
more over Levenberg-Marquardt algorithm has best 

responses. This is farther verified with 108 testing 
data.  Table IV shows the response of the Testing data 
for different training algorithm. This supports to above 
sentence. 
 

TABLE II. DATA SET FOR NEURAL NETWORK 

 
 

Table III COMPARISON OF ALGORITHMS 

 
 

 
Fig. 2 (a)Output with 10 Hidden layers (b)Output with 20 Hidden layers 



International Journal of Industrial Electronics and Electrical Engineering, ISSN: 2347-6982 Volume-5, Issue-3, Mar.-2017 
http://iraj.in 

An Effective Method for Maintenance Scheduling of Vehicles Using Fast Supervised Learning 
 

24 

TABLE IV RESPONSE OF ALGORITHMS FOR TESTING DATA 

 
 

V. CASE STUDY AND RESULTS 
 
In this section the case study with the results has been 
discussed in detail. A transportation system has been 
chosen for case study having 6 star buses.  
 Vehicles of 10 to 12 years old have low mileage up to 
10-12  KM/Liters, which runs for 52 KM daily, 
whereas 4 to 5 years old vehicles have mileage at 14 
to 16 KM/Liters  and they run for 110 KM daily 
considering six working days per week, i.e., 10 to 12 
years old vehicles and 4 to 5 years vehicles run for 
312KM and 660 KM per week, respectively.    
As the age, mileage of the each vehicles are different 
transportation system has to follow the similar 
maintenance activity, else it will cause adverse affect 
on  the life and operational circumstances of the 
vehicles. Therefore, neural network based VMS for 
automatic scheduling has been developed to assess the 

safety and operational condition of the vehicles and to 
increase the ability of proactive failure situation 
identification.  
S[nm] is the type of maintenance as mentioned in 
Section IV. Q [nm] is the period of weeks, after which 
vehicle has to go for maintenance.  
According to the result obtained shown in TABLE V 
gives the information regarding the maintenance state 
and duration of the working time period of Hence, the 
proposed method helps the transportation system for 
decision making process which in deed increasing the 
working life of the vehicles with right maintenance on 
right time. As maintenance of the vehicle is 
categorized as S1, S2, S3 and S4, i.e., regulatory 
failure, engineering failure, catastrophic failure and 
opportunistic maintenance. Hence, Neural network 
with back propagation  
 

 
TABLE V PERFORMANCE OF NEURALNETWORK FOR CASE STUDY 

 
 

approach based VMS for automatic maintenance 
scheduling in terms of the type of maintenance only 
improves vehicles working condition, but it is also 
improves the working years of vehicles which is 
required for a transportation system.     

 
CONCLUSION  
 
The proposed neural network model is a generic one 
to incorporate additional parameters to improvise the 
VMS by utilizing the knowledge based input in that 
region. With different constraint the vehicle 
maintenance scheduling (VMS) of the transportation 
has been designed and implemented through neural 
network. These constraints are past running hours, 
operating condition of vehicle and fuel consumption 
rate. Since, each parameter has intrinsic non-linearity; 
the neural network approach seems to be efficient to 

bring about the best possible VMS. The case study 
with result supports the potential use of the approach 
for application in the transportation system. 
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