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Abstract

Businesses benefit from forecasting, because it enables them to create data-driven plans and make well-
informed business decisions. Defective product forecasting, on the other hand, predicts future defective parts
for a company and ensures that the company is prepared for these shortcomings. This study's objective is to
examine the defective parts arriving at the workshops monthly for 10 different products that are most frequently
encountered by a large airline maintenance and repair company by using quantitative forecasting techniques,
to determine the most appropriate forecasting model and to predict the number of defective products for the
following periods. The study's data for the time frame January 2021 - December 2022 were used. With this
data, defective product forecast for 2023 was made. Four different numerical forecasting methods were used
and the forecasting efficiency of these four different models was determined by Mean Absolute Error (MAE),
Mean Square Error (MSE) and Mean Absolute Percentage Error (MAPE) measures. Because of the research,
Simple Exponential Smoothing Method (o = 0.90) gave the most successful prediction results, while Holt-
Winters Method (o = 0.50, B = 0.30, y = 0.80) gave the least successful prediction results. Therefore, this study
shows how effective it is to use quantitative prediction techniques in the prediction of defective parts. In future
research, different methods perhaps the study can incorporate machine learning algorithms to advance improve
prediction accuracy and adaptability.

Key Words: Demand Forecasting, Moving Averages Method, Simple Exponential Smoothing, Holt Winters
Method, Holt's Linear Method.

JEL Classification: C02, C13.

Havacilik Sektoriinde Yedek Parcalarin Nicel Talep Tahmini:

Karsilastirmal Bir Analiz

Oz

Isletmeler, veriye dayali planlar olusturmalarmi ve iyi bilgilendirilmis is kararlar1 almalarini sagladig1 igin
tahminlerden yararlanir. Arizali iiriin tahmini ise bir firma i¢in gelecek arizali pargalari tahmin ederek firmanin
bu arizalara kars1 hazirlikli olmasini saglar. Bu ¢calismanin amact; biiyiik bir havayolu bakim onarim firmasinin
en sik karsilagtig1 10 farkli {irlin igin ay bazinda atdlyelere gelen arizal pargalarin kantitatif tahmin teknikleri
kullanilarak analiz edilmesi, en uygun tahmin modelinin belirlenmesi ve daha sonraki donemlere ait arizali
iiriin sayisini tahmin etmektir. Caliymada, Ocak 2021 — Aralik 2022 donemi verileri kullanilmigtir. Bu veriler
ile 2023 yili i¢in arizali Giriin tahmini yapilmistir. Dort farkli sayisal tahmin yontemi kullanilmis ve bu dort
farkli modelin tahmin etkinligi Ortalama Mutlak Hata (MAE), Ortalama Kare Hata (MSE) ve Ortalama Mutlak
Yiizde Hata (MAPE) 6lciileri ile belirlenmistir. Calisma sonucunda; Basit Ustel Diizgiinlestirme Yéntemi (o
=0,90) en basarili tahmin sonuglarini verirken, Holt-Winters Y6ntemi (a =0,50, $=0,30, y=0,80) en basarisiz
tahmin sonuglarmni vermistir. Sonug olarak; bu ¢aligsma arizali par¢alarin tahmin edilmesinde kantitatif tahmin
tekniklerinin kullanilmasmin etkinligini ortaya koymaktadir. Gelecekteki arastirmalarda tahmin dogrulugunu
ve uyarlanabilirligini daha da gelistirmek i¢in farkli yontemler veya makine 6grenimi algoritmalar1 ¢aligmaya

dahil edilebilir.

Dog. Dr., Milli Savunma Universitesi, Istanbul, emrenike@hotmail.com.
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Anahtar Kelimeler: Talep Tahmini, Hareketli Ortalamalar Yontemi, Basit Ustel Diizgiinlestirme, Holt
Winters Yo6ntemi, Holt’un Dogrusal Yontemi.

JEL Smiflandirma: C02, C13.
INTRODUCTION

Demand forecasting is the ability to forecast the future in a reliable way, which is a
fundamental requirement for effective planning. Demand forecasting directly affects the
success of organisations (Saatcioglu & Ozcakar, 2016). While implementing demand
forecasting studies, past sales data, expert opinions, seasonality, and trend curves of the
institutions are examined, and then sales quantities for the next step are determined by
statistical analyses with these data. In complex situations such as variability and uncertainty,
traditional forecasting methods are insufficient and artificial intelligence techniques are used
(Coban & Demir, 2021). Today, effective management of replacement components is crucial
issue in many sectors. The military is one of these sectors weapon systems, aviation,
automotive and white goods etc. For customers who need aeronautical industry spare parts,
the lack of spare parts for an aircraft to stay on the ground, delay and the flight both increases
the cost and causes customer dissatisfaction. However, keeping a spare part in the warehouse
unnecessarily is also a luxury and not effective for the supply chain. The study's focus is
repairable aircraft spare parts. Aircraft spare parts are also called components. Components
are within the jurisdiction of rotating inventory and when they fail, they are repaired and re-
stocked rather than scrapped

When calculating how many spare parts should be stored, the average of the time between
failures is considered because the demand arises when the components in the aircraft fail. In
addition, the repair cycle time directly affects the number of spares to be kept (Karaoglanli,
2021). For this reason, when aircraft spare parts fail, they come to the maintenance and repair
workshop for repair and are repaired and returned to the warehouse as active. Forecasting
the demand for each component is very important for effective and rational control of the
stock. Knowing the forecast for the components will prevent being caught unprepared by
keeping the inventory more accurately and taking measures accordingly. To address such a
significant issue, it is intended to offer a solution to the demand forecasting problem of
airplane spare parts in the field of aviation repair and maintenance.

The aviation industry is a high-budget, high value-added sector where demand forecasting
is of critical importance and stock availability is of utmost importance. These days, inventory
control is utilized about the maintenance of aircraft and repair is extremely critical.
Businesses in the upkeep and repair of aircraft industry want to know and forecast the need
for spare parts so they can act responsibly and meet unforeseen demands. They also want to
know how many aircraft spare parts they have on hand and how readily they can be stocked.
It is a crucial matter for the business to design and plan the maintenance and repair process
accordingly in order to predict the demand for aircraft spare parts in order to avoid
disruptions in flight operations and to prevent delays. Companies want to know how much
demand will come for which spare parts they offer maintenance and repair services. This
situation provides the company with certainty, profitability, effectiveness, efficiency,
productivity, rational labour force and time planning and the comfort of being ready for



Ekin, E. (2026). Quantitative demand forecasting of spare parts in the aviation industry: A comparative analysis. Journal of Aviation
Research, 8(1), 1-32.

unexpected situations. Demand forecasting, it is a crucial element that reveals all these
situations, is carried out by quantitative demand forecasting techniques with quantitative
methods (Dinger & Ekin, 2017).

In this study, the aviation sector, where demand forecasting is extremely important, is
determined as the application area. The problem of optimum planning of the spare parts
maintenance and repair process in the sector, ensuring efficiency and productivity,
controlling the stock status and determining how much of the defective aircraft spare parts
can come to the workshop is addressed. For this purpose, the projecting the need for aviation
spare parts in the company operating in the domain of aircraft maintenance and repair was
carried out using four different numerical demand forecasting techniques. with four different
demand forecasting methods is analyzed comparatively. A review of domestic and
international literature has included studies on demand forecasting across various sectors.
However, no studies on demand forecasting for aircraft spare parts have been found in the
literature. While spare parts demand forecasting has been addressed in sectors such as
healthcare, automotive, and iron and steel, the lack of a demand forecasting study for aircraft
spare parts in the aviation sector suggests that this study is both original and likely to fill a
gap in the literature.

1. LITERATURE REVIEW

This section of the study examines demand forecasting applications from domestic and
international literature across various sectors. The literature review reveals that demand
forecasting techniques have been used in various fields, including medicine, aviation, and
the energy sector, with successful results. However, recent demand forecasting efforts have
focused on artificial neural networks and fuzzy logic. Various studies involving different
demand forecasting techniques are presented below.

In the study by Celebi et al. (2009), a passenger demand forecasting study was conducted in
the operational management of railway services operating in Istanbul. In this context, a
multilayer perceptron was employed as a model for artificial neural networks and mean
absolute percentage error and mean squared error measures were employed to gauge the
effectiveness of the forecasting models. Training with July 2007 and October 2008 data and
validation with November 2008 data were performed. The model was tested with December
2008 data. Results from artificial neural networks were superior to the ARIMA model. It is
recommended to use artificial neural network models in demand forecasting studies instead
of using traditional tools.

In the study by Kandananond (2011), demand forecasting was performed using multiple
linear regression, ARIMA and artificial neural networks with historical data on electricity
demand in Thailand for the years 1986-2010. The models were evaluated with mean absolute
percentage error. Based on the error measurements, it was observed that ARIMA and
multiple linear regression gave weaker results than the artificial neural networks approach.

In the study by Es et al. (2014), Turkey's net energy demand was estimated for the years
2011-2025 using various linear regression techniques and artificial neural networks by
taking the data between 1970-2010. Matlab Package Programme was used for single hidden



layer artificial neural network models. The study's findings indicated that the artificial neural
network model made acceptable and accurate predictions.

In the study by Inall1 et al. (2014) conducted a demand forecasting study using artificial
neural networks for hydroelectric power plant efficiency and production values in Diyarbakir
Karakaya basin. In this context, power plant data for the years 2007-2011 were obtained
from EUAS Karakaya HEPP Directorate and meteorological data were acquired from the
Meteorological General Directorate. MATLAB programme was used to construct an
artificial neural network model, which is a back propagation multilayer perceptron model.
With the model created generation and power plant data for the following year were
predicted, and Karakaya HEPP generation values and energy efficiency of the power plant
were determined with high performance and low error rates.

In the study by Dogan (2016), a demand forecasting study was carried out using fuzzy logic
and artificial neural networks for the 16-pack cellpak toilet paper product produced in a cash
& carry company operating in Turkey and having 15 different branches. In the study, a data
set of 155 weeks between 2009 and 2011 was used. It was found that the root mean square
error was the performance evaluation criterion. Because of the research, ANFIS model gave
more effective results than artificial neural networks.

In the study by Ferreira et al. (2016) found that aimed to perform demand forecasting for
fifteen days using artificial neural networks in a load processing center in Brazil. A back-
propagation multilayer perceptron served as a model for an artificial neural network, and 60
days of data were used for 45 days training and 15 days testing. A total of ten different
experiments were completed. Following the study, it was noted that the multilayer
perceptron model applied in the experiment was compatible with logistically complex data
sets containing factors such as transport, processing and distribution in order demand
forecasting.

In the study by Saatgioglu and Ozgakar (2016), intermittent demand forecasting is performed
using 396 days of data from 2014-2015 for computer products, which is a subcategory of the
electronics category of a company operating in the e-commerce sector. In this context,
Croston method was used in R programme and a model of an artificial neural network was
produced. in Matlab programme. Considering the error criteria, it was concluded that the
lowest error belongs to the feed-forward artificial neural network model, which is a
multilayer perceptron.

In the study by Efendigil and Eminler (2017) reviewed 117 articles written between 1950
and 2015 and concluded that artificial intelligence methods have been preferred over
econometric models, especially in recent years.

In the study conducted by Ertugrul and Ozcil (2017), demand forecasting was completed out
to benefit consumers and financing providers for Turkey's retail credit needs. In this context,
131 monthly data for the period between January 2005 and November 2015 were used.
Vector autoregression and artificial neural network model, which are demand forecasting
methods, were compared. In the artificial neural network model, 7 macroeconomic variables
were used, and the model was analyzed with Visual Gene Developer 1.7 software. The
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artificial neural network model gave almost the same results with the forecast values and
actual values, and when the error curve examines, it is observed that there are values close
to zero. It is discovered that the artificial neural network model is more effective than vector
autoregression in forecast demand applications.

In the study by Kog¢ (2017) focused on predicting passenger demand on domestic routes
using artificial neural networks models and developed models using AzureML, MATLAB,
and R tools after thoroughly evaluating the independent variables in the literature. When
applied to 2015 data, these models demonstrated high accuracy, with Pearson correlation
coefficients reaching up to 0.95.

In the study by Ulucan and Kizilirmak (2018), demand forecasting was carried out for a five-
star hotel operating in the tourism sector in Istanbul by taking 36 years of numerical data for
the number of rooms sold for the years 2013-2016. The artificial neural network module of
the MATLAB program was used for the application of the method, and the model was
analyzed by considering the root means square error and average absolute percentage error
criteria. The investigation's findings revealed that the forecast values the artificial neural
network model yielded were the closest to the real values. However, it is also highlighted
that the reduction of external factors (political, psychological, socio-cultural) can double the
demand.

In the study by Kilig et al. (2018), Artificial Neural Networks, Support Vector Machines and
Linear Linear Forecasting Method are used to predict the amount of food consumed by a
university. Data between 2016-2017 were used for demand forecasting, and WEKA software
was employed to analyze the information. The findings of the investigation showed that
machine learning systems give different results from each other.

In the study by Atay, Eroglu, and Seckiner (2019) attempted to make predictions using the
Istanbul Atatiirk Airport data and the passenger and cargo demand of the newly constructed
Istanbul Airport using ANN and ANFIS (Adaptive Network-based Fuzzy Logic System)
methods. A general performance analysis was conducted using error metrics such as Root
Mean Square Error (RMSE) with Sum of Squared Errors (SSE) and important insights were
provided for both demand forecasting and fleet planning.

In the study by Aydin (2019), customer demand forecasting was carried out in the butcher
department of a supermarket. Based on the weekly sales volumes for the period between
January 2017 and December 2018, artificial neural networks and ARIMA model, which is
one of the time series models, were compared for forecasting. According to 3 different meat
types, WEKA programme was used for the artificial neural network model and EViwes
programme was used for the ARIMA model. Mean absolute percentage error and mean
squared error were determined as performance measures. The artificial neural network
model was found to make less prediction error than the ARIMA model. The researchers
proposed a hybrid model.

In the study by Tiirk and Kiani (2019), a demand forecasting study was carried out with the
data of total white goods sales in Turkey for the years 2018-2023 obtained from
TURKSTAT. In the model of artificial neural networks created in MATLAB programme,



the amount of white goods was determined as the dependent variable. Independent variables
are; consumer confidence index, gross domestic product, real sector confidence index,
industrial production index, consumption expenditures, household financial situation
expectation, economic confidence index, marriage statistics. Mean squared error was used
as a performance measure. With the independent variables between 2016-2017, sales
volumes were estimated and compared. The independent variables between 2018-2023 were
estimated by multiple linear regression and artificial neural network. Although both models
give closer results, the artificial neural network is more successful.

In the study by S6nmez and Zengin (2019), sales forecasting is made in a food and beverage
business operating in Tokat depending on the days of the week and weather parameters. For
forecasting, 150 days of data including the first 6 months of 2018 were used. In this context,
a model of an artificial neural network was developed in MATLAB environment and a
multiple regression model was created in Python environment. These models were
compared. The models were applied 20 times, and the results were averaged. The study's
findings led to the conclusion that artificial neural networks were more successful than
multiple regression.

In the study by Onen (2020) used univariate time series analysis based on total domestic and
international air cargo load data between 1978 and 2017 to determine Turkey's total airline
cargo demand model using the Integrated Autoregressive Moving Average (ARIMA)
method developed for these analyses and to estimate annual total cargo load quantities for
the years 2019-2023 using this model. Within the scope of the single-variable time series
analysis in the study, the Autoregressive Integrated Moving Averages (ARIMA) model was
used based on the Box Jenkins method, and the most appropriate ARIMA model was created
within the framework of the model and forward-looking forecasts were made using the
dynamic forecasting method.

In the study by Sahin and Kocadag (2020), demand forecasting studies in the health sector
were compiled. In this context, domestic and foreign literature was examined, and the
literature was created by classifying the techniques. It was observed that demand forecasting
studies in the health sector were conducted for cost forecasting, patient and device
forecasting. The most preferred methods are time series analysis, moving average,
exponential smoothing and regression. According to the researchers, artificial neural
networks and multiple regression analysis should be preferred in future studies.

In their study, Alnipak and Kale (2021) focused on the factors affecting demand in an
analysis based on the European region. The study showed that variables such as the number
of commercial aircraft, the number of tourist businesses, and the number of airports, as well
as economic indicators such as GDP per capita, urbanization rate, and exchange rate, have a
positive and significant effect on demand.

In the study by Coban and Demir (2021), in a company producing perishable products in the
food sector, demand forecasting was carried out combining support vector regression and
artificial neural networks with data such as 52-month sales amount, production amount,
storage cost for 4 different products. MATLAB programme was used for demand forecasting
models, and because of the experimental design, forecasts were made with the parameters
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that gave the best results for each product. It was observed that results from artificial neural
networks were superior to those from support vectors. regression in three products of the
company, while support vector regression prediction was better in only one product.

In the study by Torun and Deste (2021), a demand forecasting study was conducted for
material management in a public hospital operating in Samsun. In this context, monthly
demand data for the period 2015-2018 were taken for the materials in the orthopedics
department of the hospital. Three-month moving average, single exponential smoothing and
a five-month moving average, Holt's multiplicative linear method Additive Holt Winters
technique Holt Winters' approach and basic linear method were used for forecasting. For
performance measures, error metrics like mean squared error, mean absolute error, and mean
absolute percentage error are compared. Minitab 18 statistical programme was used for
model setup and time series graphs and trend analysis graphs were created for each material.
Simple linear method and aggregate Holt Winters method were determined as the ideal
demand forecasting method. A method was proposed to prevent stock materials and waste
in the hospital, and it was emphasized that demand forecasting studies are rarely carried out
for medical supplies.

In the study by Aci and Dogansoy (2022), it was aimed to conduct a demand forecasting
study in a supermarket operating in the e-retail sector by using two-year sales data for 2019-
2020 and factors affecting sales. To determine the ideal forecasting method, 24 different
methods belonging to 6 different artificial intelligence techniques were used. Model results
were analyzed by correlation, mean absolute error and root mean square error. The ideal
result was obtained by using long short-term memory networks of artificial neural networks.
It is emphasized that the factors affecting sales contribute highly to the success of the criteria.

In the study by Ekin (2022) emphasized the importance of future forecasting to effectively
manage spare parts inventory in the aviation industry. After forecasting, he emphasized the
importance of maintaining inventory at a sufficiently reliable level to prevent future
stockouts. This study used component data from a local company providing maintenance
and spare parts services to airlines in the aviation maintenance and repair sector. Demand
patterns in the dataset were examined, and discrete forecasting methods were applied.
Comparisons were then made using various distributions to determine the amount of spare
parts to be held in stock, and the results were interpreted and evaluated.

In the study by Sahin and Taskesen (2022), demand forecasting studies analyzed by
regression - time series methods in the transportation - tourism sector between 2010 and
2022 were compiled. The literature review's findings forecasting studies on accidents in the
transport sector, factors of accidents and energy in transport were carried out. In the tourism
sector, it has been noted that studies have been conducted on the elements that raise the
orientation towards touristic regions, quality and price effects in accommodation.
Additionally, it has been determined that health tourism has been focused on, and artificial
neural network models have been frequently encountered in recent studies.

In the study conducted by Terzioglu and Sahin (2022), demand forecasting studies conducted
for the retail sector since 2009 were presented as a review of the literature. It has come to



light that traditional methods are mostly used in existing studies, while artificial neural
network model is mostly used in current studies. In the studies conducted with artificial
neural network, it was seen that the demand forecasting gave very close results to the actual
demands, and it was emphasized that the enterprises in the retail sector should be informed
and promoted about artificial neural network.

In the study conducted by Bur¢in (2023), a demand forecasting study was conducted using
artificial neural network for the size of vehicle loan. Between January 2006 and June 2022,
monthly frequency data were obtained from the Central Distribution System of the Central
Bank of the Republic of Turkey's data system and the Turkish Statistical Institute. Regarding
the model design, variables revealing Turkey's economic position were used and feedback a
model of an artificial neural network was developed. Correlation, mean square error and
mean absolute error metrics were used for the analysis. The designed model was run
successfully, and it was concluded that it can be incorporated into the banking and
automotive sectors.

In the study by Sar1 et al. (2023), demand forecasting is performed for a single product
category of a company operating in the metal goods manufacturing sector. In this context,
48 different hybrid models were created with simple exponential smoothing, Holt Winters
additive seasonal model, artificial neural networks by including 4 different exogenous
variables from traditional demand forecasting methods. For the models, 60 months of sales
data between 2018-2022 were used. The data were analyzed in SPSS Package Programme.
The study's findings showed that the model with the lowest error rate was the Holt Winters
Additive seasonal hybrid model with 18.01%.

2. AVIATION SECTOR

The civil aviation sector in air transport worldwide and in Turkey is growing day by day
when comfort, speed and safety factors are taken into consideration. The aviation sector, it
falls under the category of transportation. and has a high added value with its strategic
importance and has a key position in the development and competitiveness of countries, is
developing in parallel with economic growth, globalization and liberalisation all over the
world. World airline traffic has increased by 49% in terms of paid passenger km since 2002.
This situation has increased the importance given to aviation both internationally and in our
country. In addition, the civil aviation sector contains significant financial magnitudes given
its intricate cost structure and investments. Co-operation between airline companies,
marketing, budget the software, hardware, and applications of aviation information systems
sector are shown as examples of civil aviation items that create high costs (Aksoy & Dursun,
2018).

Since the civil aviation industry and its subsectors play a significant role in economic life,
they are considered as an important opportunity to provide revival in economies where there
is stagnation.

Especially in emerging economies, the demand for air travel in the civil aviation sector will
increase due to the development in economic growth and population growth rate, significant
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developments will occur in transport activities and this situation will increase the rate of
airline usage (Bahar, 2018).

2.1. AVIATION MAINTENANCE AND REPAIR SECTOR

Among the world's most significant industries is aviation with a capital of 340 billion dollars
in recent years. In the last 30 years, air traffic in the world has shown a density exceeding 6
times. Factors related to changes in tourism, logistics and cargo sector are among the reasons
that directly affect air transport in the world. Due to the quick development of the aviation
sector in a short time, maintenance of aircraft and aircraft parts has also become an important
issue. Getting high quality results from the maintenance service is quite significant in terms
of maintaining productivity maximization and competitiveness of the company.
Maintenance and repair of aircraft spare parts ensures safety in flight activities and ensures
the realization of activities by keeping operational efficiency at the highest level. Two
professional personnel work in the field of aircraft maintenance and repair. These have a
very important role in ensuring flight safety. These are airframe-engine and aircraft
electronics (avionics) technicians (Simsek & Uslu, 2023).

Aircraft are checked and maintained by technicians at regular intervals and require
maintenance after the flight process. In general, aircraft maintenance consists of skeleton
(airframe, wings, landing gear), power supply (engines and propeller), and avionics
(electrical systems and instruments) (Karaoglanli, 2021). Routine maintenance includes
cleaning the aircraft and parts, corrosion control, lubrication of parts, emptying the toilet
drain and fault detection of the fuel system, control of the hydraulic and pneumatic system,
replacement of parts, general control of wear and cracks.

3. DEMAND FORECAST

Demand forecasting, it is additionally known as sales forecasting in the literature is the
estimation of how much future customer demands for goods and services with the assistance
of variables (Aydin, 2017). The future-oriented plans of organisations are of critical
importance both to secure their long-term sustainability and to adapt to various feedbacks in
a sensitive manner. Demand forecasting studies are mathematical models or strong
quantitative models that are the result of effective planning. While creating these models,
the past sales data, seasonality and trend characteristics of the business are considered, and
future sales quantities are determined by statistical methods (Coban & Demir, 2021). The
importance of forecasting has recently been more widely recognized due to significant
changes in the economic environment. The shortages and rising inflation of the 1970s,
following a major economic recession, brought a renewed focus on forecasting and the
advantages it offers (Makridakis and Wheelwright, 1977).

Forecasting is defined as the approximate determination of the possible values of a given
variable in the future with certain assumptions. It is quite difficult to make forecasts about a
subject. While forecasting, time series analyses are made by considering the data of the past
period. The concept of demand is customers' propensity to purchase and the number of
products they can buy in a period and in a determined market (Yergok & Act, 2019). Demand
forecasting operates in many areas such as transport, distribution, renewal, production,



maintenance, and repair. Demand forecasting is the prediction of situations that have
occurred before and might occur once more.

Demand forecasting is a management process that companies want to continuously improve.
Since understanding the future will be essential to the planning future supply, forecasting
must be regarded as a component of supply chain management. Demand forecasting enables
organisations to ensure that customers receive the products and/or services they want when
and where they want them (Boylan and Syntetos, 2006). Accurate demand forecasting is
crucial for effective inventory management and enables companies to make informed
decisions about production, supply and stocking. A reliable demand forecast helps to
maintain optimum inventory levels, avoid shortages or overstock, minimize costs and
increase customer satisfaction (Silver et al., 2000).

As forecasting errors increase, the difference between the values obtained from forecasting
studies and the actual demand grows, leading to many negative situations. This may affect
production systems by creating idle capacity. In addition, customer dissatisfaction may arise
due to failure to satisfy the demands and expectations of customers. Furthermore, excessive
build-up of product inventories may increase storage costs and wastage, thereby increasing
overall costs. Therefore, the use of accurate forecasting information ought should be
regarded as a crucial requirement for successful decision-making in the design, planning and
operation of production systems (Bilisik, 2021).

3.1. DEMAND FORECASTING STAGES

Demand forecasting stages are realized in five steps. These steps are; determining the factors
affecting demand, collecting data, determining the forecasting period, determining the
appropriate forecasting method and investigating the validity of the results. These steps
should be followed carefully to make successful forecasts for the future of organisations.
After both external and internal elements influencing the demand of the product are
identified and evaluated, preliminary forecasts for the product are developed. The
information provided by these forecasts is employed in the building of the marketing strategy
of the organization and then formal demand forecasts are prepared. The last stage of the
process is the monitoring of forecasts. At this stage, the forecasts should be monitored
throughout the forecasting period, and it should be determined how much they reflect the
actual situations (Ozdemir A. and Ozdemir A., 2006).

3.2. DEMAND FORECASTING METHODS

Demand forecasting is done in accordance with specific guidelines and techniques.
Nevertheless, demand estimates are somewhat accurate regardless of the approach taken,
and no forecast can be said to be completely accurate. There are two categories of demand
forecasting techniques: quantitative methods and qualitative methods. Qualitative
(qualitative) forecasting method group is a method of forecasting future needs based on
expert opinions and people's experiences. On the other hand, quantitative forecasting method
group is the process of developing a model in mathematics. using numerical data and making
forecasts based on the results (Sahin & Taskesen, 2022). It is quite challenging to assess the
precision of qualitative forecasting approaches and to make a meaningful comparison
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between techniques. The cause of this challenge is that the methods are not standardized in
the type of estimation (Makridakis and Wheelwright, 1977). Using quantitative methods as
long as numerical data are available will save businesses from problems such as sales losses
and inefficient use of resources (Ozdemir A. and Ozdemir A., 2006). In the literature, the
classification of forecasting methods appears in different ways. The demand forecasting
methods created by Tiirk and Kiani (2019) for demand forecasting methods, which are
generally classified as quantitative and qualitative. With quantitative methods, mathematical
prediction models are created based on numerical data. Two categories of gquantitative
approaches are distinguished. These groups are

e Time Series Analysis: Considering the modifications in the time factor, it suggests
that the current demand structure will have a similar structure with the future demand
structure (Demirci, 2015). Time series analysis methods are generally classified as
Box- Jenkins (ARIMA) method, exponential smoothing methods, mechanical
forecasting methods and moving averages method (Sahin & Tagkesen, 2022).

e Mixed-Relationship Based Methods: It is not only considering the time factor but
also examining many dependent and independent variables' relationships and
presenting the mathematical model. Mixed methods are generally classified as
regression, artificial intelligence and heuristic algorithms (Demirci, 2015).

The study will employ the following demand forecasting techniques: quantitative methods;
the following step provides a detailed explanation of these techniques. In the study; some
time series analysis and linear regression from correlation-based methods are used.

3.2.1. MOVING AVERAGES METHOD (MA)

Moving average methods, which are classified as traditional forecasting methods, are
divided into three categories: simple moving, exponential moving and weighted moving
averages. Among these methods, simple moving averages technique is frequently used in
demand forecasting. In simple moving averages technique, all observational values are
equally important (Bagci, 2020). In the calculation of all moving averages, one of the
greatest, lowest, opening, and closing prices in the specified period is used. The differences
of these methods are the importance weights given to past data (Kili¢ and S6zen, 2023).

Bagc1 (2020) presents the general structure of the simple moving averages method with the
following equation:

Py+P;++Py (1)

MA (n) =

The equation "n" " represents the degree of the moving average and "P" represents the
observation value at time i. "n" also provides information about how many periods in the
past the current value affects (Bagci, 2020).

3.2.2. SIMPLE EXPONENTIAL SMOOTHING METHOD

Unlike the moving average, exponential smoothing methods assign different weights to data
from the past period. The term exponential comes from considering that the weights drop
exponentially with the data get older. This approach is economical and simple to use. As is
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widely known, the basic exponential smoothing technique has no trend and seasonal
fluctuations. The series mean changes very slowly over time

Bagci (2020) presents the general structural operation of the straightforward exponential
smoothing technique with the following equation:

Piyr=ay. + (1 —a)P, (2)
In this equation;
P, .,: The value that was acquired because of the forecast for the (t+1) th period,
y;- actual value for t. period,
P;:value obtained because of forecasting for period t,
a: is the smoothing coefficient (Bagc1, 2020).

In this method, the value that was acquired as a consequence of the forecast for period t is
composed of the value of the previous period and the forecast value of the previous period
in proportion to the correction constant (a). The correction constantaa can vary between 0
< a<l. To ascertain which values are suitable for the series, all values between 0 and 1 are
tried and the sum of squares or average of the errors is calculated (Can, 2009).

3.2.3. HOLT'S LINEAR METHOD

Most time series usually exhibit a long-term rising or negative tendency. The application of
exponential smoothing techniques in the estimation of such series can often lead to negative
biases. Holt's linear approach is thought to be an appropriate technique for time series
without seasonal effects but with a linear trend. In this method, the second smoothing
formula is not used; instead, trend values are smoothed directly. In Holt's two-parameter
linear exponential smoothing method, forecasts are made with the help of two smoothing
constants and three equations (Caglar, 2007).

yt=ay, + (1 —a)(yi,+ b.—;) (Exponential Smoothing)  (3)

b = B(y¢ —yi-1) + (1 — B)b—y  (Trend Component) (4)

Piem =y + bym (Prediction Equation) (5)
In the exponential smoothing equation, y} is the smoothed estimated value of the series at
time t andb; is the estimated the series' slope at time t. This equation is added to the

equation y}_; , which is the trend b,_, of the previous period and the last smoothed value.
This avoids the lag and brings y} closer to the current observation value (Equation 3)

In the trend component equation, the trend is updated and this smoothing reveals the
variation between the previous two values. This approach is an appropriate one. This is
because, in the event that the data shows a pattern, there's a chance that the new values will
be greater or less than the prior one.y} — y1_;is smoothed by 8 and added to the previous
period's estimated trend value multiplied by (1-8) (Equation 4)

The last equation is used for forecasting. The quantity of time frames for which the trend
component is to be estimated is multiplied by m and summed with the smoothed value
(Equation 5) (Caglar, 2007).
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3.24. HOLT-WINTERS METHOD

Holt Winters is among the techniques that allow for the direct analysis of the data's seasonal
effect. Three distinct equations make up the method: the trend, level, and seasonality
equations. There is a distinction between the seasonal equation. In the seasonal equation,
either an additive or multiplicative operation is required. If the seasonal impact in the data
shows a regular increase or decrease with the trend, the multiplicative-seasonal approach
should be used in the intended analysis; if the seasonal effect shows an irregular trend, the
additive-seasonal method should be used. (Majed Saleh Al-Hafid and Hussein Al-maamary,
2012). Holt Winters takes into account recent historical data and jumps. These jumps consist
of unexplained effects and missed developments that was impossible to predict. The
weighted average of the past period values is taken and used as the future forecast value. In
this method, the impact of recent past data on the future is higher than the previous periods
(Cuhadar, 2015).

The equations used in the method are given below (Ozger et al.,2019):

S,=a (Ii) + (1 —a) - (s;_; + b,_,)(Relation to Historical Data) (6)
t—-L

by = B(s; — s¢—1) + (1 = B) - b,_; (Trend Component) 7)

Iy=vy- (%) +(A=v) Iy (Seasonal Relationship) (8)
t

Yerm = (St + by - m) - I,_; ..m(Final Estimates) 9)

In these equations:

v Actual value at the end of period t

S¢: Seasonal forecast

L: Period of the seasonal cycle

I;: seasonal index smoothed at the end of period t
I:_;: L period ago smoothed seasonal index
m:y; o, Width of the forecast

a,B,y: S , smoothing constants used for trend forecasting and seasonal forecasting,
respectively
O<y<l)

expresses the coefficients. It is crucial to ascertain the coefficients in this method. The reason
for this is to obtain the smoothing values that will minimize the mean error squares (Ozger
et al., 2019).

3.3. FORECAST ERROR

The determined demand forecast value is a major factor in the consistency of the forecast
accuracy. Since the data in demand forecasting consists of many different variables, the
accuracy of demand forecasting cannot be made precisely. However, the aim of demand
forecasting is to minimize the deviations (Top & Yilmaz, 2009).
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Forecasts are not one hundred percent accurate but contain errors. Errors can be grouped into
forecast errors, bias errors and random errors. Consistent errors are the result of bias errors
and range from very high to very low forecast consistency. Random error is the result of
unforeseen factors that cause the forecast to deviate from actual sales. Forecast analysts try
to minimize random error by selecting appropriate forecast models. However, it is not
possible to eliminate all errors. To evaluate the effectiveness of forecasting models, forecast
errors, which show the difference between forecasted demand and actual demand, are
important. The source of forecast errors can be divided into fortuitous and non-fortuitous
causes. Non-accidental errors are usually due to missing the right variables, using the wrong
relationships, choosing the wrong trend line, or ignoring seasonal effects, which can
perpetuate the error. On the other hand, errors that cannot be explained by the forecasting
model are considered random (Bal, 2015).

In a time series, if there are n realized forecasts for n time periods, there should n error terms.
Some statistical measures are used to quantify these errors. These measures are called Mean
Error (ME), Mean Absolute Error (MAE), Mean Square Error (MSE)

ME =232 e (10)
MAE =2 T2 lec| (11)
MSE == 3'" e (12)

expressed in Equations 10, 11 and 12:
e;. error in period t
n: Number of periods (Top & Yilmaz, 2009).

The mean error (ME) calculates the average of the errors realized for each period. This
measure is likely to take a small value because the positive and negative error values cancel
each other out. The ME measure only shows systematic movements in forecast values, called
forecast bias, in the plus or minus direction. However, the ME measure may not provide
sufficient information on the magnitude of typical errors.

MAE (Mean Absolute Error) takes the error's absolute value, sums them together, and
averages them to make each error value positive. This provides a measure to ensure that
errors do not cancel each other out.

MSE (Mean Square Error) squares the errors to get a positive value, adds them up and
averages them. MAE and MSE are frequently used in statistical calculations. MAE has the
ability to express errors more easily. MSE has the same ability and is widely used in
statistical calculations.

These statistical measures express forecast errors in different mathematical values based on
the time series' duration. Therefore, it may not be possible to directly compare these
measures for different time series. For example, a ME (Mean Error) of 10 units in a product
demand forecast may have a completely different meaning than a MAE (Mean Absolute
Error) of 10 units. To compare these measures, proportional or percentage error measures
may be needed. The error measure is given in Equation 13:

14



Ekin, E. (2026). Quantitative demand forecasting of spare parts in the aviation industry: A comparative analysis. Journal of Aviation
Research, 8(1), 1-32.

PE, =2

x 100 (13)

Ve

PE,: Percentage error rate for period t

The new equations formed by integrating the mean error and mean absolute error into the
error measure equation are given below:

1
MPE==Y", PE, (14)
MAPE= ~ 31| PE, | (15)

Mean Percentage Error (MPE) calculates the percentage errors for all time periods. Mean
Absolute Percentage Error (MAPE) sums and averages the absolute values of the percentage
errors. These measures are used to express errors in percentages. However, in order to apply
these methods, the time series must start with a significant value. That is, the observation
values in the series should not be zero (Makridakis and Wheelwright, 1977).

4. RESULTS AND DISCUSSION

Safety is the number one responsibility in the aviation sector. Therefore, it is essential that
aircraft parts are repaired and made available on time. With accurate demand forecasting,
workshops can purchase the necessary parts faster and more economically, minimizing
aircraft take-off time. This will bring huge benefits to both airlines and passengers. In the
upkeep and fixing of aeroplanes and repairable aircraft parts (components), component
workshops receive hundreds of parts per day that are removed from aircraft due to
malfunctions or planned reasons and are certified and put into operation. During the repair
process, which starts by opening hundreds or even thousands of work orders from different
types of elements, it is crucial to comprehend the demand forecast of the parts. Because it is
not acceptable for the workshop to arbitrarily inspect, repair and test parts in a maintenance
and repair center where inventory management is very criticaland the inability to deliver
parts on schedule may also cause the process to be disrupted. Furthermore, according to the
views of the expert technicians, it is foreseen that there may be unexpected increases in the
demand for some parts.

The component workshop data obtained was obtained from an institution operating in
Turkey's aviation maintenance and repair sector, a leading company in the sector. The
number of arrivals of 10 different products that malfunctioned and came to the workshops
for maintenance and repair was estimated for 2023. Based on the number of work orders to
the avionics workshop on an annual basis, the 10 different types of aircraft spare parts with
the highest number of arrivals were considered. Error parameters were also calculated during
forecasting. Microsoft Excel program was used for forecasting. Firstly, each method was
compared within itself and then a collective comparison was made. Quantitative methods
such as Moving Averages Method, Simple Exponential Smoothing Method, Holt's Linear
Method and Holt - Winters were used for the comparisons. Thanks to these methods, part
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stocks will be managed more effectively, reducing costs and preventing possible part
shortages. Explanations regarding the terms used in the study are given below?.

Table 1. Moving Averages Method Error Rates

MAE MSE MAPE
Moving Averages Method (3 Months) 4,276 128,226 42,645
Moving Averages Method (5 Months) 4,609 166,373 48,759
Moving Averages Method (7 Months) 4,733 173,369 52,617

As presented in Table 1, the error values (MAE, MSE, and MAPE) increase as the number
of periods in the moving average is extended from 3 to 7 months. This finding indicates that
shorter averaging periods are more effective in capturing recent demand fluctuations,
whereas longer periods smooth out variations but reduce responsiveness to sudden changes.
In this case, the 3-month moving average provided the most accurate forecasts. From a
practical perspective, this suggests that maintenance firms should rely on shorter time
intervals to predict defective spare parts demand more effectively. Although this approach
is simple to apply and easy to interpret, its disadvantage is the limited capacity to reflect
long-term trends and seasonal effects in the aviation sector.

Table 1. Simple Exponential Smoothing Method Error Rates

MAE | MSE MAPE
Simple Exponential Smoothing Method (a = 0.10) 4876 (176,874 |47,347
Simple Exponential Smoothing Method (a = 0.20) 4,473 |148,519 (47,573
Simple Exponential Smoothing Method (a = 0.50) 4,024 111,535 |40,076
Simple Exponential Smoothing Method (a = 0.90) 3,918 |97,226 36,897

Table 2 shows that error values consistently decline as the smoothing parameter (o)
increases. When a is set to 0.90, the Simple Exponential Smoothing Method achieves the
lowest MAE, MSE, and MAPE values, demonstrating its superior forecasting performance.
The results suggest that giving more weight to the most recent observations improves
accuracy in environments were demand changes frequently. This characteristic is
particularly relevant to the aviation industry, where defective spare parts can occur
unexpectedly. However, while this method reduces short-term errors, it does not capture
long-term trend or seasonality effects, which may limit its broader applicability.
Nevertheless, among the alternatives, it stands out as the most reliable technique for this
dataset.
Table 3. Holt's Linear Method Error Rates

MAE MSE MAPE
Holt’s Linear Method (a = 0.90, = 0.70) 4,855 137,337 44,634
Holt’s Linear Method (o = 0.70, p = 0.60) 4,100 121,601 39,859
Holt’s Linear Method (a = 0.50, p = 0.20) 4,418 119,754 39,771
Holt’s Linear Method (o = 0.70, g = 0.10) 3,984 106,795 37,761

2% ME — Mean Error * MAE — Mean Absolute Error * MSE — Mean Squared Error * MPE — Mean Percentage

Error * MAPE — Mean Absolute Percentage Error * o (Alpha) — Smoothing constant * § (Beta) — Smoothing
constant * y (Gamma) — Smoothing constant * MA - Moving Averages Method
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According to Table 3, Holt’s Linear Method produces comparatively lower error rates than
both the Moving Average and Simple Exponential Smoothing approaches when applied
under specific parameter settings. In particular, the configuration with o = 0.70 and p=0.10
achieves the lowest MAPE, making it the most accurate within this method group. The
inclusion of a trend component () enables this method to better capture long-term
tendencies in defective part demand, which can be critical for strategic planning in aviation
maintenance. However, the sensitivity of results to parameter selection indicates that
improper calibration may significantly reduce forecast accuracy. Therefore, while Holt’s
Linear Method offers a more flexible and theoretically robust alternative, it requires careful
parameter optimization.

Table 4. Holt-Winters Method Error Rates

MAE MSE MAPE
Holt-Winters Method (a = 0.50, = 0.30,y= 0.80) | 10,974 | 834,347 107,643
Holt-Winters Method (a = 0.50, = 0.20, vy = 0.90) | 7,628 351,826 72,015
Holt-Winters Method (a = 0.20, = 0.20, y = 0.90) | 6,757 416,342 72,871

As illustrated in Table 4, the Holt—Winters Method yields higher error rates compared to the
other techniques tested. This outcome can be attributed to the fact that the dataset does not
display strong seasonality, reducing the method’s effectiveness. Among the tested
configurations, the parameter set o = 0.50, p = 0.20, and y = 0.90 provides the lowest MSE
and MAPE, suggesting that under certain conditions, Holt—Winters can still be applicable.
The method’s strength lies in its ability to capture seasonality, but in cases where demand
patterns are irregular or lack seasonal cycles, it may lead to inflated errors. Thus, while Holt-
Winters is valuable for datasets with seasonal structures, its disadvantages become evident

when applied to non-seasonal maintenance data in the aviation sector.

Table 5. Error Rate Comparison of All Methods

MAE MSE MAPE
Moving Average Method (3-Month) 4,276 128,226 42,645
Moving Average Method (5-Month) 4,609 166,373 48,759
Moving Average Method (7-Month) 4,733 173,369 52,617
Simple Exponential Smoothing Method (o =0.10) | 4,876 176,874 47,347
Simple Exponential Smoothing Method (o = 0.20) | 4,473 148,519 47,573
Simple Exponential Smoothing Method (o = 0.50) | 4,024 111,535 40,076
Simple Exponential Smoothing Method (o =0.90) | 3,918 97,226 36,897
Holt’s Linear Method (o = 0.90, g = 0.70) 4,855 137,337 44,634
Holt’s Linear Method (a = 0.70, § = 0.60) 4,100 121,601 39,859
Holt’s Linear Method (a = 0.50, p = 0.20) 4,418 119,754 39,771
Holt’s Linear Method (o = 0.70, = 0.10) 3,984 106,795 37,761
Holt-Winters Method (a = 0.50, = 0.30,y= 0.80)| 10,974 | 834,347 107,643
Holt-Winters Method (a = 0.50, = 0.20, y=0.90) | 7,628 351,826 72,015
Holt-Winters Method (a = 0.20, = 0.20, y = 0.90) | 6,757 416,342 72,871

Table 5 provides a comprehensive comparison across all forecasting methods. The Simple
Exponential Smoothing Method with a = 0.90 clearly outperforms the others, recording the
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lowest MAE, MSE, and MAPE values. This highlights its effectiveness in short-term
forecasting, where responsiveness to recent data is essential. From an economic perspective,
more accurate forecasts directly reduce inventory holding costs by preventing overstocking,
while minimizing the risk of stock-outs and emergency procurement. From a logistics
perspective, the improved accuracy supports uninterrupted maintenance operations and
reduces potential delays in flight schedules. However, the limitation remains that such
methods rely heavily on historical patterns and may not adapt well to sudden changes caused
by extraordinary failures. Despite this drawback, the results indicate that the Simple
Exponential Smoothing Method (o = 0.90) provides the most practical and reliable solution
for defective spare parts forecasting in the aviation industry.

Table 6. Future Forecasting

,2\/\'/2\;:'2;% Simple I_Exponential Holt’s Linear Holt-Winters
Method (3- Smoothing Method | Method (0. = | Method (a = 0.50,

Month) (0 =10.90) 0.70, p =0.10) | p=10.20,y=10.90)

Product1 | 77,33 79,83 81,92 48,85

Product 2 | 44,33 57,27 50,98 31,19

Product 3 | 41,00 48,61 47,67 0,19

Product 4 | 72,67 108,61 100,73 115,61

Product5 | 39,33 45,07 44,15 17,57

Product 6 |24,00 13,92 8,58 4,23

Product 7 | 12,67 17,61 14,51 17,29

Product 8 | 21,33 22,64 22,52 5,22

Product9 |23,00 31,18 28,87 8,08

Product 10| 13,00 7,26 9,07 3,86

With the best result in each method, the demand for each product in the next period was
estimated. Table 6 displays the findings. From an economic perspective, accurate forecasting
of defective spare parts can substantially reduce costs associated with inventory
management. Overestimation of demand may lead to excessive stock, increased holding
costs, and inefficient use of capital, while underestimation can cause emergency
procurement at higher prices and unexpected budgetary pressures. The results obtained in
this study, particularly the superior performance of the Simple Exponential Smoothing
Method (a = 0.90), suggest that maintenance firms can achieve a more balanced inventory
strategy by minimizing both surplus stock and shortage risks. This balance contributes
directly to cost-effectiveness and financial sustainability in the aviation industry.

From a logistics standpoint, forecasting accuracy is equally critical, as stock-outs of key
components can delay aircraft maintenance operations and ultimately disrupt flight
schedules. The findings show that using quantitative methods provides more reliable
forecasts, which support timely spare parts availability and smoother maintenance
workflows. However, reliance solely on historical data may limit adaptability to sudden
demand fluctuations, such as unexpected component failures or extraordinary operational
conditions. Therefore, while the applied methods improve operational efficiency and service
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continuity, future research should also integrate hybrid or machine learning-based
approaches to enhance flexibility and responsiveness in logistics planning.

5. CONCLUSION AND EVALUATION

Regular maintenance and repair activities are vital to guarantee aircraft safety. In these
processes, it is essential to identify and replace defective or end-of-life parts without delay.
Avionics workshops handle the repair and upkeep of hundreds of different aircraft
components, making the environment highly complex. In such a setting, accurate demand
forecasting plays a key role in ensuring timely delivery of components, minimizing take-off
delays, and controlling maintenance costs. Moreover, reliable forecasts support more
effective stock management by preventing excessive inventory and the unnecessary costs it
creates.

This study forecasts the number of defective parts arriving at avionics workshops in 2023
and the first half of 2024, using historical data from January 2021 to December 2022. Four
quantitative forecasting methods were applied: the Moving Averages Method, the Simple
Exponential Smoothing Method, Holt’s Linear Method, and the Holt—Winters Method. Their
performances were evaluated based on error measures such as MAE, MSE, and MAPE.
Among these methods, the Simple Exponential Smoothing model with a = 0.90 delivered
the most accurate results. These findings suggest that companies in the aviation sector can
make their planning more precise and dependable by integrating such forecasting approaches
into their maintenance strategies.

From an economic perspective, accurate forecasts help reduce costs by avoiding excessive
inventory levels that raise holding expenses, while also lowering the financial risks
associated with urgent procurement when shortages occur. From a logistics and operational
perspective, reliable demand predictions ensure that critical components are available when
needed, reduce the likelihood of maintenance delays, and contribute to smoother workshop
operations. Nevertheless, a key limitation of this study is that the models rely exclusively on
historical data, which may not fully reflect sudden shifts caused by unexpected failures or
external disruptions.

Although the forecasting methods employed here are well established and appropriate for
the dataset, the technical evaluation was limited to the authors’ perspective. A more detailed
statistical or data science—oriented analysis could further improve the robustness of the
results. For instance, the selection and sensitivity analysis of smoothing parameters (o, B3, v)
were carried out using conventional practices rather than advanced optimization techniques.
Future research that brings together aviation professionals with experts in statistics and data
science could help strengthen methodological rigor and validate the models more
comprehensively.

Looking ahead, the study can be extended through the use of alternative quantitative methods
or the adoption of hybrid approaches that combine traditional forecasting with machine
learning algorithms. Such techniques may offer better adaptability to rapidly changing
demand conditions. In addition, incorporating a larger dataset with extended historical
observations, as well as external variables such as flight frequency, operational cycles, or
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environmental factors, could further enhance the accuracy and applicability of the results.
Also machine learning is frequently used in demand forecasting studies in both the aviation
industry and other sectors, with artificial neural networks providing predictions. Researchers
are advised to achieve the most realistic forecast results using code written in R and Python.
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APPENDIX
Table: Spare Parts

PN Description Month Year Number of Parts
10.6" SMART MONITOR 1 2021 27
10.6" SMART MONITOR 2 2021 16
10.6" SMART MONITOR 3 2021 35
10.6" SMART MONITOR 4 2021 38
10.6" SMART MONITOR 5 2021 48
10.6" SMART MONITOR 6 2021 46
10.6" SMART MONITOR 7 2021 53
10.6" SMART MONITOR 8 2021 56
10.6" SMART MONITOR 9 2021 47
10.6" SMART MONITOR 10 2021 69
10.6" SMART MONITOR 11 2021 55
10.6" SMART MONITOR 12 2021 52
10.6" SMART MONITOR 1 2022 42
10.6" SMART MONITOR 2 2022 88
10.6" SMART MONITOR 3 2022 67
10.6" SMART MONITOR 4 2022 60
10.6" SMART MONITOR 5 2022 37
10.6" SMART MONITOR 6 2022 58
10.6" SMART MONITOR 7 2022 63
10.6" SMART MONITOR 8 2022 72
10.6" SMART MONITOR 9 2022 54
10.6" SMART MONITOR 10 2022 45
10.6" SMART MONITOR 11 2022 73
10.6" SMART MONITOR 12 2022 48
10.6" SMART MONITOR 1 2023 63
10.6" SMART MONITOR 2 2023 73
10.6" SMART MONITOR 3 2023 67
10.6" SMART MONITOR 4 2023 69
10.6" SMART MONITOR 5 2023 62
10.6" SMART MONITOR 6 2023 62
10.6" SMART MONITOR 7 2023 68
10.6" SMART MONITOR 8 2023 63
10.6" SMART MONITOR 9 2023 64
10.6" SMART MONITOR 10 2023 63
10.6" SMART MONITOR 11 2023 90
10.6" SMART MONITOR 12 2023 79
11.1" ECO MONITOR 1 2021 32
11.1" ECO MONITOR 2 2021 21
11.1" ECO MONITOR 3 2021 29
11.1" ECO MONITOR 4 2021 31
11.1" ECO MONITOR 5 2021 22
11.1" ECO MONITOR 6 2021 19
11.1" ECO MONITOR 7 2021 20
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11.1" ECO MONITOR 8 2021 36
11.1" ECO MONITOR 9 2021 34
11.1" ECO MONITOR 10 2021 51
11.1" ECO MONITOR 11 2021 49
11.1" ECO MONITOR 12 2021 50
11.1" ECO MONITOR 1 2022 34
11.1" ECO MONITOR 2 2022 55
11.1" ECO MONITOR 3 2022 52
11.1" ECO MONITOR 4 2022 69
11.1" ECO MONITOR 5 2022 82
11.1" ECO MONITOR 6 2022 74
11.1" ECO MONITOR 7 2022 69
11.1" ECO MONITOR 8 2022 64
11.1" ECO MONITOR 9 2022 71
11.1" ECO MONITOR 10 2022 54
11.1" ECO MONITOR 11 2022 55
11.1" ECO MONITOR 12 2022 61
11.1" ECO MONITOR 1 2023 50
11.1" ECO MONITOR 2 2023 47
11.1" ECO MONITOR 3 2023 66
11.1" ECO MONITOR 4 2023 49
11.1" ECO MONITOR 5 2023 78
11.1" ECO MONITOR 6 2023 91
11.1" ECO MONITOR 7 2023 39
11.1" ECO MONITOR 8 2023 37
11.1" ECO MONITOR 9 2023 23
11.1" ECO MONITOR 10 2023 41
11.1" ECO MONITOR 11 2023 32
11.1" ECO MONITOR 12 2023 60
8.9" SEATBACK SVDU 1 2021 4

8.9" SEATBACK SVDU 2 2021 1

8.9" SEATBACK SVDU 3 2021 21
8.9" SEATBACK SVDU 4 2021 37
8.9" SEATBACK SVDU 5 2021 30
8.9" SEATBACK SVDU 6 2021 34
8.9" SEATBACK SVDU 7 2021 23
8.9" SEATBACK SVDU 8 2021 29
8.9" SEATBACK SVDU 9 2021 26
8.9" SEATBACK SVDU 10 2021 70
8.9" SEATBACK SVDU 11 2021 38
8.9" SEATBACK SVDU 12 2021 32
8.9" SEATBACK SVDU 1 2022 27
8.9" SEATBACK SVDU 2 2022 38
8.9" SEATBACK SVDU 3 2022 28
8.9" SEATBACK SVDU 4 2022 36
8.9" SEATBACK SVDU 5 2022 52
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8.9" SEATBACK SVDU 6 2022 70
8.9" SEATBACK SVDU 7 2022 71
8.9" SEATBACK SVDU 8 2022 41
8.9" SEATBACK SVDU 9 2022 69
8.9" SEATBACK SVDU 10 2022 55
8.9" SEATBACK SVDU 11 2022 40
8.9" SEATBACK SVDU 12 2022 45
8.9" SEATBACK SVDU 1 2023 46
8.9" SEATBACK SVDU 2 2023 47
8.9" SEATBACK SVDU 3 2023 52
8.9" SEATBACK SVvDU 4 2023 23
8.9" SEATBACK SVDU 5 2023 35
8.9" SEATBACK SVDU 6 2023 25
8.9" SEATBACK SVDU 7 2023 26
8.9" SEATBACK SVDU 8 2023 49
8.9" SEATBACK SVDU 9 2023 40
8.9" SEATBACK SVDU 10 2023 27
8.9" SEATBACK SVDU 11 2023 47
8.9" SEATBACK SVDU 12 2023 49
9" IN-SEAT MONITOR 1 2021 36
9" IN-SEAT MONITOR 2 2021 11
9" IN-SEAT MONITOR 3 2021 19
9" IN-SEAT MONITOR 4 2021 32
9" IN-SEAT MONITOR 5 2021 32
9" IN-SEAT MONITOR 6 2021 18
9" IN-SEAT MONITOR 7 2021 24
9" IN-SEAT MONITOR 8 2021 35
9" IN-SEAT MONITOR 9 2021 28
9" IN-SEAT MONITOR 10 2021 68
9" IN-SEAT MONITOR 11 2021 36
9" IN-SEAT MONITOR 12 2021 22
9" IN-SEAT MONITOR 1 2022 34
9" IN-SEAT MONITOR 2 2022 34
9" IN-SEAT MONITOR 3 2022 37
9" IN-SEAT MONITOR 4 2022 33
9" IN-SEAT MONITOR 5 2022 33
9" IN-SEAT MONITOR 6 2022 37
9" IN-SEAT MONITOR 7 2022 35
9" IN-SEAT MONITOR 8 2022 33
9" IN-SEAT MONITOR 9 2022 43
9" IN-SEAT MONITOR 10 2022 51
9" IN-SEAT MONITOR 11 2022 23
9" IN-SEAT MONITOR 12 2022 38
9" IN-SEAT MONITOR 2023 59
9" IN-SEAT MONITOR 2023 50
9" IN-SEAT MONITOR 2023 48
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9" IN-SEAT MONITOR 2023 29

4
9" IN-SEAT MONITOR 5 2023 44
9" IN-SEAT MONITOR 6 2023 44
9" IN-SEAT MONITOR 7 2023 48
9" IN-SEAT MONITOR 8 2023 45
9" IN-SEAT MONITOR 9 2023 57
9" IN-SEAT MONITOR 10 2023 52
9" IN-SEAT MONITOR 11 2023 51
9" IN-SEAT MONITOR 12 2023 115
12" SMART MONITOR V3 1 2021 12
12" SMART MONITOR V3 2 2021 14
12" SMART MONITOR V3 3 2021 19
12" SMART MONITOR V3 4 2021 10
12" SMART MONITOR V3 5 2021 17
12" SMART MONITOR V3 6 2021 24
12" SMART MONITOR V3 7 2021 33
12" SMART MONITOR V3 8 2021 26
12" SMART MONITOR V3 9 2021 23
12" SMART MONITOR V3 10 2021 37
12" SMART MONITOR V3 11 2021 35
12" SMART MONITOR V3 12 2021 37

12" SMART MONITOR V3 2022 42

12" SMART MONITOR V3 2022 52

12" SMART MONITOR V3 2022 55

12" SMART MONITOR V3 2022 43

12" SMART MONITOR V3 2022 53

1
2
3
4
12" SMART MONITOR V3 5 2022 35
6
7
8
9

12" SMART MONITOR V3 2022 36
12" SMART MONITOR V3 2022 41
12" SMART MONITOR V3 2022 35
12" SMART MONITOR V3 10 2022 38
12" SMART MONITOR V3 11 2022 28
12" SMART MONITOR V3 12 2022 45
12" SMART MONITOR V3 1 2023 27
12 INCH SMART MONITOR V3 2 2023 20
12" SMART MONITOR V3 3 2023 13
12 INCH SMART MONITOR V3 4 2023 25
12" SMART MONITOR V3 5 2023 30
12 INCH SMART MONITOR V3 6 2023 56
12" SMART MONITOR V3 7 2023 25
12 INCH SMART MONITOR V3 8 2023 29
12" SMART MONITOR V3 9 2023 24
12 INCH SMART MONITOR V3 10 2023 35
12" SMART MONITOR V3 11 2023 37
12 INCH SMART MONITOR V3 12 2023 46
EFB,SMART DISP.UNIT(G700) 1 2021 8
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EFB,SMART DISP.UNIT(G700) 2 2021
EFB,SMART DISP.UNIT(G700) 3 2021
EFB,SMART DISP.UNIT(G700) 4 2021 11
EFB,SMART DISP.UNIT(G700) 5 2021 16
EFB,SMART DISP.UNIT(G700) 6 2021 19
EFB,SMART DISP.UNIT(G700) 7 2021 17
EFB,SMART DISP.UNIT(G700) 8 2021 17
EFB,SMART DISP.UNIT(G700) 9 2021 11
EFB,SMART DISP.UNIT(G700) 10 2021 14
EFB,SMART DISP.UNIT(G700) 11 2021 31
EFB,SMART DISP.UNIT(G700) 12 2021 17
EFB,SMART DISP.UNIT(G700) 1 2022 18
EFB,SMART DISP.UNIT(G700) 2 2022 12
EFB,SMART DISP.UNIT(G700) 3 2022 13
EFB,SMART DISP.UNIT(G700) 4 2022 29
EFB,SMART DISP.UNIT(G700) 5 2022 40
EFB,SMART DISP.UNIT(G700) 6 2022 60
EFB,SMART DISP.UNIT(G700) 7 2022 59
EFB,SMART DISP.UNIT(G700) 8 2022 52
EFB,SMART DISP.UNIT(G700) 9 2022 57
EFB,SMART DISP.UNIT(G700) 10 2022 107
EFB,SMART DISP.UNIT(G700) 11 2022 61
EFB,SMART DISP.UNIT(G700) 12 2022 80
EFB,SMART DISP.UNIT(G700) 1 2023 88
EFB,SMART DISP.UNIT(G700) 2 2023 63
EFB,SMART DISP.UNIT(G700) 3 2023 96
EFB,SMART DISP.UNIT(G700) 4 2023 108
EFB,SMART DISP.UNIT(G700) 5 2023 144
EFB,SMART DISP.UNIT(G700) 6 2023 138
EFB,SMART DISP.UNIT(G700) 7 2023 177
EFB,SMART DISP.UNIT(G700) 8 2023 117
EFB,SMART DISP.UNIT(G700) 9 2023 65
EFB,SMART DISP.UNIT(G700) 10 2023 49
EFB,SMART DISP.UNIT(G700) 11 2023 9
EFB,SMART DISP.UNIT(G700) 12 2023 14
8.9" SEATBACK, SVDU-G4 1 2021 15
8.9" SEATBACK, SVDU-G4 2 2021 7
8.9" SEATBACK, SVDU-G4 3 2021 13
8.9" SEATBACK, SVDU-G4 4 2021 20
8.9" SEATBACK, SVDU-G4 5 2021 36
8.9" SEATBACK, SVDU-G4 6 2021 20
8.9" SEATBACK, SVDU-G4 7 2021 4
8.9" SEATBACK, SVDU-G4 8 2021 18
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8.9" SEATBACK, SVDU-G4 9 12021 |14
8.9" SEATBACK, SVDU-G4 10 |2021 |30
8.9" SEATBACK, SVDU-G4 11 2021 |13
8.9" SEATBACK, SVDU-G4 12 12021 |10
8.9" SEATBACK, SVDU-G4 1 12022 |32
8.9" SEATBACK, SVDU-G4 2 2022 |26
8.9" SEATBACK, SVDU-G4 3 2022 |13
8.9" SEATBACK, SVDU-G4 4 12022 |23
8.9" SEATBACK, SVDU-G4 5 2022 |29
8.9" SEATBACK, SVDU-G4 6 2022 |48
8.9" SEATBACK, SVDU-G4 7 12022 |33
8.9" SEATBACK, SVDU-G4 8 12022 |35
8.9" SEATBACK, SVDU-G4 9 12022 |43
8.9" SEATBACK, SVDU-G4 10 | 2022 |37
8.9" SEATBACK, SVDU-G4 11 2022 |11
8.9" SEATBACK, SVDU-G4 12 12022 |17

8.9" SEATBACK, SVDU-G4
8.9" SEATBACK, SVDU-G4
8.9" SEATBACK, SVDU-G4 2023 |7

2023 |18
2023 |13

8.9" SEATBACK, SVDU-G4 2023 |13

8.9" SEATBACK, SVDU-G4 2023 |18

8.9" SEATBACK, SVDU-G4 2023 |15

1
2
3
4
8.9" SEATBACK, SVDU-G4 5 12023 |22
6
7
8
9

8.9" SEATBACK, SVDU-G4 2023 |19
8.9" SEATBACK, SVDU-G4 2023 |11
8.9" SEATBACK, SVDU-G4 10 2023 |15
8.9" SEATBACK, SVDU-G4 11 12023 |4
8.9" SEATBACK, SVDU-G4 12 12023 |19
10.6" IN-ARM SVDU 1 12021
10.6" IN-ARM SVDU 2 2021
10.6" IN-ARM SVDU 3 [2021 |38
10.6" IN-ARM SVDU 4 12021 |41
10.6" IN-ARM SVDU 5 2021 |22
10.6" IN-ARM SVDU 6 2021 |22
10.6" IN-ARM SVDU 7 12021 |25
10.6" IN-ARM SVDU 8 12021 |19
10.6" IN-ARM SVDU 9 12021 |42
10.6" IN-ARM SVDU 10 | 2021 |33
10.6" IN-ARM SVDU 11 12021 |9
10.6" IN-ARM SVDU 12 12021 |13

10.6" IN-ARM SVDU 2022 |16
10.6" IN-ARM SVDU 2022 | 26

10.6" IN-ARM SVDU 2022 |15

1
2
10.6" IN-ARM SVDU 3 2022 |17
4
5

10.6" IN-ARM SVDU 2022 |28
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10.6" IN-ARM SVDU 6 2022 |33
10.6" IN-ARM SVDU 7 12022 |17
10.6" IN-ARM SVDU 8 2022 |28
10.6" IN-ARM SVDU 9 12022 |24
10.6" IN-ARM SVDU 10 | 2022 |20
10.6" IN-ARM SVDU 11 2022 |29
10.6" IN-ARM SVDU 12 12022 |8

10.6" IN-ARM SVDU 1 12023 |30
10.6" IN-ARM SVDU 2 12023 |14
10.6" IN-ARM SVDU 3 12023 |11
10.6" IN-ARM SVDU 4 12023 |9

10.6" IN-ARM SVDU 5 2023 |16
10.6" IN-ARM SVDU 6 2023 |15
10.6" IN-ARM SVDU 7 12023 |15
10.6" IN-ARM SVDU 8 2023 |27
10.6" IN-ARM SVDU 9 12023 |28
10.6" IN-ARM SVDU 10 | 2023 |22
10.6" IN-ARM SVDU 11 2023 |19
10.6" IN-ARM SVDU 12 12023 |23
HANDSET 1 2021 |6

HANDSET 2 12021 |2

HANDSET 3 (2021 |7

HANDSET 4 12021 |5

HANDSET 5 2021 |7

HANDSET 6 2021 |5

HANDSET 7 12021 |8

HANDSET 8 12021 |12
HANDSET 9 2021 |12
HANDSET 10 | 2021 |29
HANDSET 11 2021 |26
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