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Abstract: This research aims at optimizing the production and transportation scheduling components at an
automotive company. In particular, the transportation time, cost, as well as the capacity constraint constitute
elements of vital significance in the decision making process. As found in a research conducted in Iran’s
management and planning organization, an estimated 30% of all price increases was as a result of costs
associated with transportation of products form from source to destination, depicting the component with the
largest effect on price. Furthermore, despite the fact that the fundamental reason for planning is to ascertain
the required production quantity needed in the future; there exist no more accurate model currently that has
the required capability to predict production quantity of IKCO equipment. The objective of this study is to
minimize the costs associated with delay of orders, the number vehicles used in the transportation, fuel as well
as labor cost. Here, the employed analysis method is the multiple regression which uses response surface
quadratic methodology analysis in order. These allow for the localization of the optimal region of response
variables under study in this research; and also, to further generate the relationship between the four
independent variables and the two response variables under test.
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INTRODUCTION In recent years, organizations began to realize the

The term supply chain management is the act of to effectively compete in the global economy. Even where
systematically and strategically coordinating traditional alignment into the supply chain is ensured, firms also
business functions within an organization and across need to ensure the production of quality products,
organizations within the supply chain, with the sole aim of competitive pricing models and employ effective product
making improvements in the long-term performance of the supply systems in order to survive open market
individual companies on the one hand and the entire competition [4]. This is partly due to the fact that
supply chain on the other [1]. The supply chain is consumers are logical and hence, even a few dollars
generally all-inclusive in that it encompasses each and product-price differences between two competing firms of
every entity directly or indirectly involved in the consumer goods can make one to excel well above the
fulfillment of a customer request. As such, for a particular other [5].
product, the manufacturers, suppliers, those involved in Setak, Sharifi and Alimohammadian [6] mentioned the
the transportation, those providing the warehouses, the main factors that affect product prices are the costs
retailers as well as the end consumers are all part of the associated with transportation. Hence, by optimizing the
supply chain [2]. Similarly, the supply chain of an transportation, the mentioned costs can  be  minimized
individual firm consists of all entities involved in the and hence money is saved in the supply chain logistics.
fulfillment of a customer request. Among them are those In particular, optimization techniques can be employed to
involved in the development of new products, marketing ensure cost cutting through:
unit, operation department, those involved in the
distribution of the product, finance as well as customer The optimization of orders in order to optimally utilize
care [3]. truck loads and minimize freight cost

need to fit themselves in efficient supply chains in order
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Optimal operations scheduling in the various sites in and optimization methods for finding the values of the
order to minimize product movements process variables that produces desirable values of the
Requesting shipments from the most optimal sites in response [12].
order to keep the total supply-chain cost to the In  this  paper  a  response  surface  model  (RSM)
minimum. was established and numerical simulations were

By employing the above mentioned procedure, orders, the number vehicles used in the transportation,
transportation optimization can significantly minimize the fuel as well as labor cost. Here, the employed analysis
supply-chain cost. This is especially vital in today’s method is the multiple regression which uses response
business world in which unpredictable fuel surcharges surface  quadratic  methodology  analysis  in  order.
(which effectively increases transportation cost) and These allow for the localization of the optimal region of
capacity constraints significantly reduce the returns on response variables under study in this research; and also,
investment of many firms [7]. to further generate the relationship between the four

independent variables and the two response variables
Specifically, transportation optimization assists firms to: under test [13].

Minimize transportation cost Study Area: The study company is the Iran Khodro
Minimize the non-value-added product movements (IKCO), the leading Iranian national auto manufacturing
within the supply chain company headquartered  in  the  capital   city,  Tehran.
Reduce the warehouse labor This company was established in 1962 (initially named

Design of experiments is important for multifactor managing sites for the manufacture and selling of various
experiments to save time and capable of predicting the types of vehicles and vehicle spare parts both locally and
optimum of the combined factors. Previously, the most internationally. IKCO produces 13  brands   of  cars  [14].
popular approach in determining the optimum or best In the year 2009 alone, the company manufactured an
condition of any response studied is through the classical estimated 688,000 vehicles, including sedans, trucks,
one-variable-at-time technique. The classical method of minibuses and even buses. In 1997, IKCO produced a
the optimization involves changing one variable at a time magic number  of  vehicles  amounting  to  111,111  units
while keeping the others at fixed levels [8]. While such of various types of cars and vans. By the year 2006
experiments are simple to plan and execute, they are (which commensurate with the Iranian year 1384,
inefficient and failed to detect any interaction amongst the commencing on the 21st of March 2006), the company
independent variables. Furthermore, it will require more produced a record 550,000 vehicles [15]. As the largest car
experimentation than a design of experiment by factorial manufacturer in the Middle East, IKCO hit 774,965 auto
and there is no assurance that it will produce the correct units in 2010 and aims at manufacturing 850,000 units by
and represent able result [9]. Thus, to overcome such 2011 [16].
drawbacks, the technique of Response Surface Model
(RSM) is being progressively employed for modeling, Methodology: Response Surface Method (RSM) presents
interaction study and optimizing any processes or statistical tools; they guide design of experiment (DOE)
experiments. for performance of the peak procedure. RSM produces

Response Surface Model (RSM) is defined as the precise maps based on the mathematical pattern. It can
statistical tool that used the quantitative data from put all your responses with each other via sophisticated
various experimental designs to determine and optimization approaches, which finally lead to the
simultaneously   solve   the   multivariate   equations. discovery of sweet spots where you meet all
RSM explores the relationships between several specifications at minimal cost (Myers, Montgomery, &
explanatory variables and one or more response variables. Anderson-Cook, 2009).
The performance measure is called the response and the
input variables are called independent variables [10, 11].  There are four main steps in the request of RSM:
The RSM consists of the experimental strategy for
exploring the space of the process or independent Experimental setup,
variables, empirical statistical modeling to develop an Experimental design,
appropriate approximating relationship which is Statistical analysis,
interaction between the yield and the process variables Model Selection,

Performed to minimize the costs associated with delay of

Iran National) with the sole objective of creating and
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The steps are including in the data analysis: The form of the first-order model is from time to time

Model fitting and analysis of variance to only the major effects of the two variables x1 and x2
approximation parameters. (Suppose that a response variable y is measured values
Canonical analysis to consider the shape of the combinations of two factor variables, x1 and x2). If there
predicted response surface. is an interaction between these variables, it can be added
Ridge's analysis to investigate the optimum response to the model without difficulty as follows:
for the region.

The  initial   task   in   analyzing   the   response
surface  is  approximation  the  parameters  of  the  model This is the first-order model with interaction.
by the  least  square  regression  and  to acquire Addition the interaction term introduces curvature into
information about  the  fitting  in  the  form  of  ANOVA. the response function. Frequently, the curvature in the
The Fischer variance ratio (F-ratio) and the determination factual response surface  is  enough  strong  that  the
coefficient (R-squared) have specific importance and first-order model (even with the interaction term included)
values [17, 18]. is insufficient. A second-order model will likely be

The first assignment in analyzing the response necessary in these situations. For the case of two
surface is approximation the parameters of the model by variables, the second-order model is:
least-squares regression and to achieve  information
about the fit in the appearance of an analysis of variance. Y= 0 + 1 x1+ 2 x2 (3.4)
The estimated surface is characteristically curved: a "hill"
whose peaks occur at the exclusive estimated point of This mold would be likely helpful as an approximation
maximum response, a "valley," or a "saddle-surface" with to the factual response surface in a relatively small region.
no exclusive minimum or maximum [20]. The second-order model is extremely supple. It can

In many mechanisms of Response Surface Methods receive on a broad variety of functional forms, so it will
(RSM) is suitable to transform the normal variables, to frequently work well as an estimate to the true response
coded variables x_1,x_2,x_3,…,x_kwhich are more often surface. It is also simple to approximate the parameters
than not defined to be dimensionless with signify zero (the ’s)  in  the  second-order  model.  The  method  of
and the same standard deviation. In conditions of the the least square's model can  be  used  for  this  purpose.
coded variables, the response function will be written as: In addition, there is a substantial practical experience

Y=f (x_1,x_2,x_3,…,x) real response surface problems [19].

Since the form of the true response function f is (personnel),  x2(4  ton  van)  and  x3(7  ton  lorry)  and x4
unknown, we must be approximate it. In actuality, (10 ton lorry) on one response variables (Y1, Spare part in
successful use of RSM is seriously dependent upon the the  seasonal)   and   (Y2,   cost   of  transportation) was
experimenter’s aptitude to develop a suitable evaluated by using the response surface methodology.
approximation for f. A   central composite   design   (CCD) was employed (1)

Generally, a low-order polynomial is suitable in some to study the main effect of parameters, (2) to create
comparatively small region of the independent variable models between the variables and (3) to determine the
space. In many cases, either a first-order or a second- effect  of  these  variables to the optimization of the
order model is used [21]. The first-order model is likely to number  and  kind  of  trucks,  number  of  personnel  and
be appropriate when the experimenter is paying attention fuel cost is done in the study area IKCO. Therefore, 24
in approximating the true response surface over a experiments were designed based on the second-order
relatively small region of the independent variable space CCD with four independent variables at three levels of
in a location where there is little curvature in f. For the each variable. Experiments were randomized in
case of two independent variables, the first-order model arrangement to minimize the effects of unexplained
in terms of the coded variables is, variability in the actual responses due to extraneous

Y= 0+ 1x1+ 2x2 (3.2) based on the standard orders.

called a most significant effect model, because it includes

Y= 0+ 1x1+ 2x2+  2x2 + 12x1x2 (3.3)

indicating that second-order models work well in solving

The effect of four independent variables,x1

factors. Table 3-1 shows the agreement of experiments
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Table 3:1 Central composite design independent (Xi) and response variables (Yj)

No Personal. No X Van. No X Lorry. No X Truck. No X Weight. Ton Y Cost. US$ Y1 2 3 4 1 2

1 2205 3041 2533 1591 3831.4 591400
2 2396 3374 2659 1754 4166.4 642499
3 2525 3471 2939 1793 4390.5 838817
4 2411 3398 2706 1731 4191.49 646368
5 2223 3065 2553 1608 3831.6 603385
6 2484 3430 2846 1795 4292.8 674103
7 2675 3699 3068 1926 4627.4 725918
8 2375 3288 2722 1710 4050.3 644675
9 2289 3148 2617 1647 3914.7 618966
10 2508 3477 2863 1808 4342.3 680466
11 2619 3613 3013 1883 4509.8 710590
12 2382 3286 2831 1724 4088.9 646511
13 2387 3297 2738 1720 4123.8 647698
14 2434 3352 2796 1763 4230.3 660726
15 2533 3512 2899 1821 4370.23 687468
16 2427 3380 2808 1750 4138.9 662949
17 2351 3250 2699 1690 4055.7 637993
18 2494 3449 2856 1798 4310.8 676784
19 2534 3501 2906 1829 4351.9 687723
20 1967 3214 2830 1774 4242.85 669603
21 2362 3255 2720 1698 4061.6 640876
22 2463 3416 2817 1773 4250.3 668574
23 2755 3806 3155 1994 4749.2 747845
24 2521 3488 2885 1819 4279.6 684027

RESULT AND DISCUSSION values  and  lack  of  fit  tests  are  given   in  Table 4-1.

In this research, multiple regression analyses were F-ratio  and  p-value  as  presented  in  Table  4-2.  It  can
carried out using response surface analysis to fit be observed that it was found that the values of "Prob >
mathematical models to the experimental data aiming at an F" less than 0.05 and the value indicating model terms are
optimal region for the response variables studied and to significant.
define the relationship between four independent Values of "Prob > F" less than 0.0500 indicated model
variables and the criteria of two response variables as terms are significant. In this case X1, X2, X3, X4, X1 X4,
presented in Table 3-1. The response surface analysis X2 X3, X2 X4 and X3 X4 are significant model terms.
allowed the development of an empirical relationship Values greater than 0.1000 indicate the model terms
where each response variable (Y1 and Y2) was assessed are not significant.
as a function of, X1(personal number), X2(van 4 ton), If  there   are   many    insignificant    model   terms
X3(lorry 7 ton) and X4(lorry  10  ton)  and  predicted  as (not counting those required to  support  hierarchy),
the  sum of  constant ( 0),  four first-order effects model reduction may improve your model. A negative
(RSQM Model terms in X1, X2, X3 and X4, six interaction "Pred R-Squared" implies that the overall mean is a better
effects (interactive terms in X1, X2, X3, X4, X1 X4, X2 X3, predictor of your response than the current model.
X2 X4 and X3 X4). The obtained results were analyzed by Cannot use 2FI model, because values of "Prob > F"
ANOVA to assess the ‘‘goodness of fit’’. Only terms less than 0.0500 indicates that model terms are significant.
found statistically significant (p<0.05) were included in Analysis of variance also confirmed that the models
the reduced model. As shown in Equation 4.1, the were highly significant (p<0.05) for all response variables
obtained model for predicting the response variables (Table 4-4 The probability (p) values of all regression
explained the main quadratic and interaction effects of models were less than 0.05, which had no indication of
factors affecting the response variables. The estimated lack of fit. The values for these response variables were
regression coefficients of the polynomial response higher than 0.80 (0.9958), thus ensuring a satisfactory
surface  models  along  with  the  corresponding R2 fitness  of  the regression models to the experimental data.

The significance of each term was determined  using  the
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Table 4-1 Summary of Sequential and statistics Model
Source Std. Dev R-Squared Adjusted R-Squared Predicted R-Squared PRESS Status
Linear 29037.43 0.7264 0.6688 -11.51 7.326
2FI 19873.28 0.9123 0.8448 -93.85 5.553
Quadratic 5199.74 0.9958 0.9894 suggested
Cubic Aliased

Table 4-2: Sequential Model Sum of Squares
Source Sum of squares DF Mean Square F Value Prob> F
Mean 1.080E+013 1 1.080E+013 suggested
Linear 4.253E+010 4 1.063E+010 12.61 0.0001
2FI 1.089E+010 6 1.814E+009 4.59 0.0102
Quadratic 4.891E+009 4 1.223E+009 45.22 0.0001 suggested
Cubic 2.433E+008 9 2.704E+007 Aliased
Residual 0.000 0
Total 1.085E+013 24 4.522E+011

Table 4-3: ANOVA for Response Surface quadratic Model of the Average seasonally Spare Part IKCO (2004-2010)
Source Sum of Squares Mean DF Square F Value Prob>F
Model 5.830 144.16 154.03 <0.0001 Significant
A 1.892 11.89 0.70 0.4245
B 7.181 17.18 2.66 0.1376
C 7.704 17.70 2.85 0.1257
D 4.021 14.02 14.87 0.0039
A2 6.023 16.02 0.22 0.6482
B2 2.697 12.69 1.00 0.3440
C2 7.140 17.14 2.64 0.1386
D2 2.591 12.59 9.58 0.0128
AB 2.895 12.89 0.11 0.7510
AC 3.292 13.29 1.22 0.2985
AD 1.514 11.51 0.56 0.4734
BC 7.172 17.17 2.65 0.1378
BD 3.285 13.28 12.15 0.0069
CD 1.276 11.27 4.72 0.0579

Table 4-4: Diagnostics Case Statistics to RSQM
Standard Order Actual Value Predicted Value Residual Leverage Student Residual Cook's Distance
1 6.477 6.448 2869.93 0.132 0.592 0.004
2 6.425 6.432 -687.44 0.998 -2.856 253.375
3 6.464 6.455 844.26 0.996 2.678 129.539
4 6.696 6.696 -0.055 1.00
5 6.840 6.802 3854.44 0.136 0.798 0.007
6 6.768 6.751 1689.22 0.179 0.359 0.002
7 6.741 6.739 191.49 0.323 0.045 0.000
8 6.034 6.008 2587.42 0.604 0.791 0.064
9 6.190 6.188 138.55 0.995 0.365 1.656
10 6.465 6.465 -1.63 1.000 -0.058 7.587
11 6.409 6.411 -240.21 0.883 -0.135 0.009
12 6.877 6.802 7549.50 0.335 1.780 0.106
13 7.478 7.483 -483.97 0.958 -0.455 0.316
14 7.106 7.147 -4127.95 0.760 -1.619 0.552
15 6.686 6.678 801.85 0.344 0.190 0.001
16 6.629 6.629 2.69 0.999 0.019 0.030
17 6.805 6.795 958.35 0.517 0.265 0.005
18 8.388 8.372 1570.85 0.989 2.856 48.040
19 7.259 7.244 1520.32 0.507 0.416 0.012
20 6.875 6.954 -7972.96 0.436 -2.041 0.214
21 6.447 6.438 908.98 0.401 0.226 0.002
22 6.607 6.662 -5509.81 0.711 -1.971 0.637
23 6.380 6.438 -5795.45 0.320 -1.351 0.057
24 5.914 5.921 -668.36 0.478 -0.178 0.002
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Table 4-5: Constraints Of Planning For Collection And Transportation of Spare Part IKCO
Name Goal Lower Limit Upper Limit
Personal is in range 1980 3200
Van is in range 2500 4200
Lorry is in range 1800 3000
Truck is in range 1200 2700
Spare Part Weight maximize 3831.4 5500
Cost minimize 591400 838817

Table 4-6: Number optimization-set goals for each response (Sum 2012)
No Personal Van Lorry Truck Spare Part (Ton) Cost US$
1 2769 4041 2905 1994 6684.2 169560
2 2259 3680 2358 1660 6750.88 173250
3 3039 3169 2261 1336 6912.1 178940

Fig. 4-2: Predictions  versus  Actual  Seasonally
production Spare part in IKCO displaying the minimum price in collection management

The following response surface models Equation 1 were been presented (Table 4-6, Figure 4-3).
fitted to the response variable (Y1) four independent The 3D response surfaces at RSQM model was
variables ( X1, X2, X3, X4 and six interaction effects plotted to better imagine the significant (p < 0.05)
interactive terms in X1, X2, X3, X4, X1 X4, X2 X3, X2 X4 interaction effects of independent variables on the
and X3 X4). optimization cost of the collection and transportation of

Y1= -6953.58+ 5426.17- 2807.29+ The plots are drawn as a function of four factors at a
4075.56-2233.72+ 3062.01-688.39+ 4629.31+ time, holding the fifth factor at fixed levels (at the mid

7712.49+2936.12+13611.48+3161.38+5061.14+3970.05 level). Those plots are helpful in understanding both the
(1) main and the interaction effects of these four factors.

The predicted plot  versus  actual  plots  for Figure 4-3 present the best optimization cost in the
seasonally generation spare part is shown in Figure 4-2. management of number of Personnel and kind and the
The observed points on these plots reveal that the actual number of trucks which are used in spare part production
values are distributed relatively near the straight line in in IKCO.
this case (R2 = 0.9958).

Finally, considering that in each planning should be CONCLUSION
attended to a minimum and existing maximum according to
Table 4-5. Generally speaking, in automobile industry and

So far, based on existing facilities and other similar industries, the price of components and raw
parameters that were mentioned and according to materials is rising. In the meantime, to maintain and
Quadratic model, best use of machinery and manpower for enhance the  position   of   this   industry   in   the  global

Fig. 4-3: Design-expert plot of 3D surface desirability

and transport of Spare Part in the following graphs has

Spare Part.
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Table 5-1: Compare Result before and after optimization

Years Personal Van Lorry Truck Spare Part (Ton) Cost US$

Win 2010 2521 3488 2885 1819 4279.6 191427

Sum 2012 2769 4041 2905 1994 6684.2 169560

markets, there is a need to stabilize and even reduce its 5. Chen, X., et al., 2007. The impact of manufacturer
price. Thus, we should reduce the final cost of the rebates on supply chain profits. Naval Research
product. Reducing the price of materials and components Logistics (NRL), 54(6): 667-680.
is not possible; therefore, we should take efficient steps 6. Setak, M., S. Sharifi and A. Alimohammadian, 2012.
and concentrate more on overhead costs among which Supplier Selection and Order Allocation Models in
the logistics and transportation costs are the most Supply Chain Management: A Review. World
important ones. Applied Sciences Journal, 18(1): 55-72.

Response surface models can be used with 7. Graves, S.C. and S.P. Willems, 2005. Optimizing the
conventional optimization techniques. Although the supply chain configuration for new products.
factors are nonlinearly influencing the response, Management Science, 51(8): 1165-1180.
polynomial function (response surfaces) optimization is 8. Gunawan, E.R., et al., 2005. Study on response
fast and accurate. surface methodology (RSM) of lipase-catalyzed

The most significant and unique part of this model is synthesis of palm-based wax ester. Enzyme and
that for the first time cost optimization of spare parts of Microbial Technology, 37(7): 739-744.
Iran khodro products in supply chain management has 9. Kincl,   M.,   S.   Turk   and   F.   Vre er, 2005.
been done by the statistical analysis of response surface Application of experimental design methodology in
Quadratic model and also combining the amount of development and optimization of drug release
weight, fuel consumption, total manpower and quantity method.  International   Journal   of   Pharmaceutics,
and quality of transport as input data. According to 291(1): 39-49.
statistics presented, the amount of money that Iran 10. Carley, K.M., et al., 2006. BioWar: scalable agent-
khodro spent for manpower (workers salary), fuel and based model of bioattacks. Systems, Man and
vehicles  for  transporting  spare  parts  was  US$191427 Cybernetics, Part A: Systems and Humans, IEEE
in winter 2010. In addition, the value of machinery used in Transactions on, 36(2): 252-265.
this section is equivalent to US$169560. According to 11. Liyana-Pathirana, C. and F. Shahidi, 2005.
prediction done, weight of spare parts will be 6684.2ton in Optimization of extraction of phenolic compounds
summer 2012. Using response surface Quadratic model, from wheat using response surface methodology.
the costs can be decreased to US$ 21867. (Table 5-1) Food Chemistry, 93(1): 47-56.
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