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Abstract

Inventory management systems aim to control inventory levels in the best way while reducing
costs to a minimum. However, inventory management faces many challenges that lead to the
deficit or increase in storage costs, and among these challenges is the presence of outliers in
demand data, therefore this paper seeks to building a new model that uses robust estimators
(Median and Median Absolute Deviation) instead of classical estimators that are highly
sensitive to outliers, and examining this model on real data for the demand for raw materials
used in the cement industry in one of Iraq's factories. The proposed model was able to reduce
the deficit ratio by 96% and contributed to reducing the total cost of storage by 75%, in
addition to that, the proposed model contributed to reducing the need for safety stock by 30%.

Keywords: inventory management, outliers, robust estimators, boxplots, reorder point, safety
stock.

1. Introduction
Inventory management is a series of processes that follow a system of control and issuance of
orders to ensure the continued availability of quantities upon demand and at the same time
reduce unnecessary investments that may be caused by excess inventory (Paramasivan &
Subramanian, 2020)

Inventory management is one of the most important aspects of management in institutions that
are directly related to real-life situations, just as hardly any organization is free from the
problems of controlling inventory, especially in manufacturing and commercial operations, so
that spending on inventory management has become at the top of operational expenses
(Shekarian et al., 2016)*

Inventory control and ensuring control of the flow of materials in stores are among the major
problems facing the organizational management and finding optimal solutions to this problem
leads to the smooth operation of production and marketing activities because it forms a link
between them and ensures the provision of resources and materials entering production when
needed in a timely manner.

The optimal management of the inventory avoids the organization pumping and investing large
sums of money in the inventory and reduces the possibility of a deficit in the demand for
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materials, thus avoiding the loss of continuity of production and consumer confidence in light
of the intense competition that the market is currently witnessing.

Since inventory management relies on previous data in the analysis and future decisions
regarding the quantity of demand and the size of the safety stock and determining the point of
re-order, so the inventory management faces a great challenge in reaching the ideal decisions
that ensure reducing inventory costs to a minimum.

But at the same time, the data that is adopted in making decisions related to the control of
inventory is affected by a number of factors and circumstances, such as severe fluctuations in
the supply and demand market or the spread of epidemics, as happened in the demand data
during the spread of the Corona epidemic, moreover, human errors in data entry and Its
classification is one of the reasons for the emergence of data that is inconsistent with the other
data set.

May one of the most important risks facing data analysis and decision-making is the presence
of outliers within the data, and this may cause the decision to deviate from optimization and be
negatively affected by the extreme data, but sometimes the outliers may pull decisions to the
wrong direction, which causes unexpected losses.

The real data usually contains observations that are distinct from the rest of the data, such as
being large or relatively small and move away from the data center, and the presence of these
outliers leads to a negative impact on the data analysis (Seo, 2006).

Outliers usually arise due to malfunctions in the measuring devices, human errors in recording,
or they may be the result of wrong assumptions established by the researcher (Fatima & Kurmi,
2018). The problem is that the presence of some outliers may distort the group's results and
negatively influence the analysis (Cousineau, 2010)

In order to obtain the proper analysis of the data and then take the optimal decision in the
management of the inventory, the effect of outliers must be eliminated or reduced to a
minimum.

Determining the order quantity, the optimum reorder point, and the safety stock quantity must
be preceded by relying on real data that is free from errors or negative effects of extreme data.
Therefore, this article focuses mainly on reducing the impact of extreme values if they are
present within the demand data in order to obtain decisions optimum inventory management.

2. Literature review

P. O.Agada and Ogwuche (2017) and Nemtajela and Mbohwa (2017) pointed out that most
inventory management systems in real life have stochastic demands, and that the probabilistic
EOQ model basically seeks to answer two questions: the quantity to be requested and when to
order, in other words determining the level of inventory at which the new order is issued.

according to Agarwal (2015), the EOQ model has been used for many years in various
industrial sectors for ease of use and help in understanding the behavior of the inventory system
because it contributes to companies and retailers in calculating the quantities that reduce the
total cost of inventory. So it can be said that EOQ is one of the most used models in inventory
management (Personal et al., 2018).
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Although the previous studies did not address the impact of outliers in inventory management,
in general, they opened the door widely to ways to detect and treat outliers, in addition to using
multiple methods to reduce the impact of outliers. Also, many studies have dealt with the
negative impact of outliers on the classical statistical parameters used mainly in inventory
management models.

Some justifications in the branches of applied mathematics assumed that a simple error in the
mathematical model leads to a slight defect in the final results. However, this assumption is
wrong when dealing with outliers because sometimes a few deviations may lead to a large
defect in the results due to the extreme sensitivity of some statistical parameters (Huber &
Wiley, 1981).

Bollen (1987) stated that the potential effect of outliers in the field of statistics is well known
and that the existence of these values is one of the factors that cause improper solutions.
Nevertheless, researchers neglect this factor when discussing improper solutions.

According to Tukey (1960), outliers should be given special attention because the presence of
a single outlier can lead to significant negative effects on the classical estimates of location and
scale.

Since the outliers are located three times the standard deviation plus the mean from the data
center, these values may have a strong influence on parameter estimation and may cause
harmful effects on statistical analyzes, weakening the strength of the tests, and contribute to
increasing the variance of error (Osborne et al., 2004; Seo, 2006).

Pankratz, (2000) and Kaiser, R., and Maravall Herrero (1999) stated that outliers may cause
defects in the construction of models and biases in statistical parameters, as well as may cause
errors in forecasts.

In general, the detection of outliers has been widely applied in many areas of research such as
statistics, data mining and sensor networks, and has recently gained a lot of interest in industrial
and financial applications due to its importance in detecting values that indicate the presence
of a specific defect, machine malfunctions, or fraudulent transactions. (C. T. Lu et al., 2003;
Lazarevic & Kumar, 2005; Gupta et al., 2014; Garces & Sharbaro, 2011; Benjelloun et al.,
2019; Pokrajac et al., 2007; Zhao et al., 2014).

Although the detection of outliers has become an essential enabling technology for a wide range
of scientific applications such as industry, business, security and engineering, there is a very
large difference in the algorithms and techniques that are applied to detect outliers and are
highly dependent on the nature and characteristics of the data being handled (Zhang, Q., Segall,
R. S., & Cao, 2010; J. Zhang, 2013) .

Since this research mainly focuses on finding improvement in inventory management
decisions, any method for detecting outliers will suffice, and from here, the box plot method
will be used, which is one of the most popular ways to detect outliers.

According to Y. Zhang et al. (1996) and Lavrac et al. (2000), Box plots are most suitable for
exploring both symmetric and skewed quantitative data. Torgo and Ribeiro (2003) stated that
Box plots are visualization tools that are often used to identify outliers. Also, Fatima and Kurmi
(2018) mentioned that this method identifies outliers in a more appropriate way.
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On the other hand, the classical statistics found in inventory models are very sensitive to
outliers, so suggesting more robust alternatives would be more appropriate in resisting the
influence of outliers and may lead to better decisions.

It is no secret that the median is one of the measures of central tendency, which is more resistant
to outliers than the arithmetic mean, and it can be a substitute for it in expressing the mean of
the data.

Although many robust estimators of location exist, the sample median is still the most widely
known, and it has a breakdown point 50% (Rouss & Christophe, 1993). And the most popular
robust estimator of location is the sample median (Picek, 2012). Cousineau, (2011) stated that
a more robust estimate of the population central tendency is the median. A few outliers will
have a limited impact on this statistic.

That is, the median will be resistant to the presence of outliers even if they constitute 50% of
the data. It is also characterized by its ease of calculation and does not require a lot of
complications that other statistics need when calculating, Therefore, it may be an ideal
substitute for the arithmetic mean in inventory management models.

Hampel, (1974) suggested the Median Absolute Deviation as robust estimate of the spread.
However, it differs from the standard deviation in that it has a breakdown point of
approximately 50% (Olewuezi, 2011).

Chung et al., (2008) noted that the standard deviation is often inflated due to the presence of
outliers, in contrast, MAD is more robust to outliers. MAD is a robust measure of scale that is
simple to implement and easy to interpret (Arachchige & Prendergast, 2019), and it is a robust
estimator of dispersion that is not influenced by outliers (VVoloh et al., 2018),

3. The Developed Model of Inventory Management

The traditional inventory management model is based on several concepts, the most important
of which is the reorder point, the safety stock, as well as the order quantity. Each of these
concepts has a special mathematical equation to calculate it, as follows:

order quantity Q = %

Safety stock SS = Z . op1

reorder point ROP = p+ Z.oppt

where, p = Demand rate per period,

opLt = Standard deviation of demand during lead time,

Z = Normal table value for the given service level.

B = Annual Demand.

K = Fixed Cost Per Quantity.

h = Annual Holding Cost.

However, these three elements may be affected or collapsed when there are outliers in the data,
assuming that there are outliers in the data in special cases, it is necessary to develop special
models for inventory management in such cases.

Therefore, the desired goal of optimal inventory management may be achieved by replacing
classical statistics with robust statistics to reduce or eliminate the impact of outliers on decision-
making.

Hence, this paper proposes to make changes in the equations for calculating the re-order point,
the safety stock and the economic order quantity by replacing the classical arithmetic mean and
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standard deviation with the Median and Median Absolute Deviation, which are considered
solid statistics that are not affected by the presence of outliers, and then reformulating the
mathematical equations for the elements of inventory management and tested to show the
effectiveness of the new model in the face of the impact of outliers.

Thus, the mathematical equations for the proposed model will be as follows:

_|2K(med#365)
Qrobust - h

Safety stockopust = Z * MAD

ROP,opust = med + Z * MAD

Where :

Z = Normal table value for the given service level.
Med is the median of demand data

MAD is Median Absolute Deviation

4. Numerical Experiments

In order to prove the extent of the impact of the outliers in the demand data on the decisions
taken regarding inventory management, as well as to prove the effectiveness of the proposed
model to reduce the impact of outliers and compare it with the original model, the two models
were applied to the demand data for the raw materials involved in cement production in one of
Iraq’s factories.

The demand data mentioned for 730 working days was taken directly from the demand data for
materials (oil, limestone, dust and iron dust) to test the effectiveness of the two models on this
data and compare the total cost of both models to indicate the preference between them.

Demand data tested for the purpose of detecting outliers by the box-plot method, the data test
results were as follows:

1200

Figure 1: Detection of outliers of iron data
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Figure 2: Detection of outliers of limestone data
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Figure 3: Detection of outliers of dust data
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Figure 4: Detection of outliers of iron data
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Through the demand data and costs related to storage, the order quantity, re-order point and
safety stock were calculated, with the calculation of the total cost of the stock without

calculating the deficit, for the original model and the proposed model, as in the table below:

Table 1: original and new model

Holdi | 1S for
Annual Orderi 730 days
Q IBIEER || == Ol demand | ng cost ng without
cost
shortage
original 9009858 | 166803. | 18108 | 518517 | 60,883,1 | 20000 3 54059153.
oil model 9 2 0 6 68 00 38
proposed 9509734 | 185825. | 12774 | 570250 | 67,826,2 | 20000 3 57058406.
model 4 44 0 3 86 00 12
original 87763.1 1149. | 64455. 40000 70209879.
Liestone model 5 1055.1 93 23 385,112 00 400 65
proposed 92658.1 1176.1 807.2 | 71373. 429977 40000 400 74126508.
model 4 ' 7 27 ’ 00 08
original 5948.75 | 43.09 4705 5217.8 15728 45000 4000 47590024.
Iron model 5 00 16
proposed 5790.7 45000 50217813.
model 6277.23 | 47.98 33.16 6 17,513 00 4000 57
original 44518.1 388.9 [ 20750. 40000 44518113.
Sust model 1 339.36 7 57 123,866 00 500 17
proposed 46882.2 260.3 | 22841. 40000 46882218.
model 5 376.36 5 92 137,371 00 500 38

And the following charts showed the comparison between the behavior of the original model and
the proposed model during a period of 730 days:

Figure 5:Comparing the proposed model with the original model within 730 days for iron
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Figure 6: Comparing the proposed model with the original model within 730 days for limestone
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Figure 7: Comparing the proposed model with the original model within 730 days for dust
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Quantity (liters)

days

Figure 8:Comparing the proposed model with the original model within 730 days for oil

By testing each model, the following table showed the quantities related to the inability to meet
the demand for raw materials and the lost quantities of cement production due to this deficit,

as follows:

Table 2: shortage in original and developed models

shortage shortage o] i
Materials with the shortage | in second in total isri:ortage
first 365 | cement cement
tow models . | 365 days . | shortage | cement
day producti producti .
producti
on on
on
original | 296553. 1602.99 1642810 8880.05 1939363 10483.05
oil model 41 2 .6
propose
d model 0 0 0 0 0 0
. original | oo, 59 | 52936 | 132147 | 1901330 | 137970 | 1954274
Limesto | model 3 2
ne propose ) 0 172332 | 1566.66 | 1723.32 | 1566.66
d model
original
model 166.83 5772.32 | 362.43 12540.17 | 529.26 18312.49
Iron
propose
d model 0 0 0 0 0 0
original | 121975 | 387867 |0 0 1318.75 | 3878.67
Dust model
PTOPOSe | 195083 | 35538 |0 0 120.83 | 355.38
d model
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By comparing the results obtained, it can be noted that the deficit caused by the lack of oil
supply in the original model, which amounted to approximately 1603 tons of cement production
, decreased to zero for the first year when applying the proposed model, and from 8880 tons to
zero also in the second year.

As for the limestone processing deficit caused by the original model, it caused a decrease in
cement production of 529 tons of cement in the first year and 12013 tons in the second year,
while the proposed model reduced the deficit by 100% for the first year and 87% in the second
year.

While the iron deficiency in the original model caused a deficit of 18,312 tons of cement within
two years, and the proposed model was able to reduce the percentage of deficit to zero during
the same period.

Also, the lack of dust in the original model caused a deficit in cement production of 3878 tons
in two years. As for the proposed model, the deficit was reduced to 355 tons during the same
period.

Referring to table 1, it can be seen that Q, ROP and SS have differed in their values in the
original model and the proposed model for all the four raw materials (oil, limestone, dust and
iron dust), since the method of calculating Q value that is calculated has been changed, it was
based on the annual demand, while the proposed model relied on the median value multiplied
by 365 days to extract the value of Q because the annual demand was definitely affected by the
presence of outliers.

Also, the median was re-used in the proposed model to extract ROP to get rid of outliers, while
the original model was based on the arithmetic median, which is highly affected by any outliers,
so the reorder points turned from (5185176, 64455.23, 5217.85, 20750.57)
to (5702503, 71373.27, 5790.76, 22841.92) for raw materials (oil, limestone, iron, and dust),
respectively, and this change in re-order points has given the decision maker an additional
amount in stock to avoid shortages and get rid of the influence of outliers.

As for the safety stock, it has been reduced by approximately 30% in the proposed model for
the four raw materials, and this in itself will contribute to reducing inventory costs and a
significant saving in the amounts invested in the capital in the safety stock, as MAD was used
instead of the standard deviation to avoid the impact of outliers in calculating safety stock
guantities.

It can also be noted that the increase in the quantity of Q has led to a slight increase in the total
cost of inventory (without calculating the cost of the deficit), this is very natural, because an
increase in the element of safety necessarily leads to an increase in the quantity of inventory
and thus an increase in the cost. However, this increase is a very slight increase if compared to
the cost of the deficit caused by the lack of supply of raw materials on demand and the halt in
production that leads to the loss of a percentage of the profits, this is in isolation regarding the
moral losses due to the suspension of cement production, the low level of customer satisfaction
and the increase in production costs, and just calculating the size of the financial profits lost as
a result of the production deficit gives an indication of the need to use exceptional models for
inventory management when there are exceptional data for demand or the presence of extreme
values within the data.
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In summary, the table below shows the actual value of the lost profits due to the deficit in
cement production, which was caused by the lack of raw materials on demand for the purpose
of production, noting that the cement production plant under study records a profit of (20000)
ID for each ton sold of cement.

Table 3: total profit lost, inventory total cost with and without shortage

original model proposed model
total of total of
shortage TC. of TC. of shortage TC. of TC. of
Materia | in lost inventory | inventory | in lost inventory | inventory
Is cement | profits without | with cement | profits | without | with
producti shortage | shortage producti shortage | shortage
on on
ol 10483 8896610 2405915 36372015 0 0 2705840 2705840
limesto 2508548 | 7020988 | 32106468 313332 | 7412650 | 1054597
ne 12543 00 0 0 1567 00 8 08
. 3662498 | 4759002 | 41383982 5021781 | 5021781
iron 18312 00 4 4 0 0 4 4
dust 3879 8757340 ;1451811 §2209151 355 (7)10760 3688221 2398981
9043390 | 2163771 | 11207161 384408 | 2282849 | 2667257
total 45217 00 70 70 1922 00 16 16

As the model succeeded in reducing the losses resulting from the deficit and production
stoppage from 45,217 tons of cement to 1922 tons and reduce the loss of profits amounting to
904339000 dinars to 38,440,800 dinars, which means that it has contributed to reducing losses
by 96%, also the proposed model has reduced the total cost of inventory by 75% as a result of
reducing the impact of the presence of negative outliers and the use of robust statistics instead
of classical statistics.

5. Conclusion

In this paper, the proposal of a new model for inventory management was discussed in the
event that the data contained outliers and recalculated the amount of Q, ROP and SS after
replacing the classical statistics with robust statistics with a breakdown point of up to 50%,
which is the median and MAD, and then the model was examined the proposed model is based
on real demand data for the raw materials used in the cement industry in one of the cement
factories in Irag. The proposed model succeeded in reducing the impact of outliers, improving
the decisions taken to manage inventory in the factory, and reducing costs, in addition to
reducing the safety stock.
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