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THE FURNITURE INDUSTRY UNDER THE
VISION OF INDUSTRY 5.0: A COST-
EFFECTIVENESS AND SUSTAINABILITY
ANALYSIS OF PREDICTIVE MAINTENANCE

Izham KILINC!

1. INTRODUCTION

Increasing global competition, high product variety, and
short delivery times are driving manufacturing enterprises toward
data-driven maintenance approaches that minimize unplanned
downtime and maximize equipment reliability. Predictive
maintenance (PdM), supported by the Internet of Things (loT),
cyber-physical systems, and artificial intelligence technologies in
the Industry 4.0 ecosystem, is a proactive approach that aims to
predict potential failures before they occur by using condition
monitoring data (Lee et al., 2014). Unlike traditional methods,
this paradigm ensures that maintenance activities are performed
just in time and only to the necessary extent.

The production of furniture and industrial wood products
involves more heterogeneous failure types compared to general
manufacturing, owing to its high-variety/low-batch volume
characteristics, the intensive use of multi-purpose and specialized
machines (CNC, calibrating, pressing, sizing, edge banding), and
complex surface treatment processes. In this context, PdM
minimizes downtime by making early anomaly detections in
critical sub-components such as spindles and bearings through the
continuous monitoring of sensor signals like vibration,

1 Assist. Prof. Dr., Batman University, Vocational School of Technical Sciences,
Department of Design, ORCID: 0000-0002-4145-1225.
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temperature, pressure, and energy consumption. Recent studies in
the field concretely demonstrate the applicability and operational
benefits of machine learning-based condition monitoring
systems, particularly in CNC woodworking machines and wood-
based panel production lines (Wang et al., 2022).

In recent years, the maturity level of PdM has expanded
to encompass not only protecting machine health but also energy
efficiency and industrial sustainability. While the operation of
optimized equipment with lower friction and energy loss prevents
energy waste, data-driven intervention timing limits unnecessary
part replacements and raw material wastage. This trend directly
aligns with the human-centric, resilient, and green transition-
oriented vision of Industry 5.0 (European Commission, 2021).
Artificial intelligence and autonomous systems are being
integrated into a sustainable production philosophy that
prioritizes worker well-being and supply chain resilience, rather
than merely reducing production costs (Nahavandi, 2019).

On the technological front, digital twin-based PdM
architectures support maintenance decisions by providing real-
time data analytics through virtual models of production
processes and equipment, allowing for performance comparisons
of different machine learning algorithms (Tao et al., 2018; Liu et
al., 2021). Comprehensive literature reviews emphasize that 10T-
supported predictive maintenance systems are becoming
increasingly widespread in the manufacturing sectors; however,
elements such as data quality, cybersecurity, and system
integration are the fundamental keys to success ( Liu etal., 2021).

This study examines the effects of predictive maintenance
applications in the furniture manufacturing industry on
production efficiency, downtime reduction, and cost-
effectiveness in light of current literature. The study addresses the
systematics of 10T, machine learning, and digital twin integration,
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and evaluates implementation challenges such as data security
and change management. In this context, by presenting a roadmap
that brings together the perspectives of sustainability and Industry
5.0, it aims to develop evidence-based, strategic, and practical
recommendations for furniture enterprises with different machine
parks.

2. DEFINITION AND CONCEPTUAL
FRAMEWORK OF PREDICTIVE
MAINTENANCE

Predictive maintenance (PdM) is a data-driven
maintenance strategy that aims to predict potential failures before
they occur by continuously monitoring the operational status of
equipment in production systems. This method enables the
detection of micro-level changes in equipment performance by
analyzing real-time data obtained from sensors, allowing
interventions before these deviations turn into critical failures.
Unlike traditional corrective (reactive) or time-based preventive
maintenance, PdM relies on a condition-based approach; in other
words, the maintenance decision is optimized according to the
instantaneous and actual condition of the hardware (Mobley,
2002).

In industrial maintenance strategies, PdM is considered
the primary indicator of the transition from reactive approaches
to proactive models. At the core of this transformation are data
acquisition, data preprocessing, predictive analytical modeling,
and decision support systems. The fundamental components of
the predictive maintenance process are conceptually presented in
Fig. 1.
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Figure 1. Conceptual Structure of the Predictive Maintenance
Process

The data acquisition stage in this process begins with
obtaining sensor signals such as temperature, vibration, pressure,
energy consumption, acoustic emission, and current density.
These obtained data are processed and interpreted through
machine learning and artificial intelligence algorithms. In
particular, algorithms such as support vector machines (SVM),
random forest, and artificial neural networks (ANN) can predict
failure probabilities and Remaining Useful Life (RUL) values
with high accuracy (Jardine et al., 2006).

Another critical element in the success of PdM
applications is data integration and coordination with enterprise
systems. Integrating heterogeneous sensor data collected from the
field with Manufacturing Execution Systems (MES) and
Enterprise Resource Planning (ERP) platforms ensures that
maintenance decisions are made in full compliance with overall
business and production goals (Wang, 2016).
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In recent years, PdM architectures have gained significant
momentum with the integration of digital twin technology and
cloud-based maintenance platforms. Digital twins create high-
fidelity virtual replicas of physical equipment, simultaneously
reflecting system behavior with real-time data flow and allowing
the simulation of various maintenance scenarios (Fuller et al.,
2020). This advanced approach not only predicts failures but also
provides the opportunity to analyze the multidimensional effects
of planned maintenance interventions on production efficiency,
downtime costs, and energy consumption (Kritzinger et al.,
2018). Table 1 comparatively summarizes the fundamental
characteristic features of traditional and modern maintenance
approaches and emphasizes the industrial advantages of
predictive maintenance.

Table 1. Comparison of Maintenance Approaches

Feature / Corrective Preventive Predictive
Approach Maintenance Maintenance Maintenance
Time of Post-failure Time- Condition-based
Intervention scheduled (predictive)
Data Low Medium High (sensor and
Utilization analytical data)
Cost Impact High repair Medium Low in the long
cost term
Downtime Long Medium Minimum
Technology Low Medium High (loT, Al,
Requirement Big Data)
Sustainability Low Medium High (energy
Contribution efficiency and
waste reduction)

Industrial case studies in the literature demonstrate that
PdM applications increase equipment availability by 15-25%,
reduce unplanned downtime by 30-40%, and provide savings in
total maintenance costs by 20% to 30% (McKinsey & Company,
2017). In the furniture sector, where multi-processing CNC
woodworking machines and continuous press lines are



Agac Isleri Endiistri Miihendisligi Alaninda Giincel Konular ve Akademik Degerlendirmeler

intensively used, these operational and economic gains are of
critical importance.

3. APPLICATION AREAS AND BENEFITS OF
PREDICTIVE MAINTENANCE IN THE
FURNITURE INDUSTRY

The furniture industry has a highly sensitive operational
structure in terms of maintenance management due to its high-
variety product range, complex production processes, and the
simultaneous use of numerous machine types. Equipment in
production lines, such as CNC woodworking machines, edge
banding machines, presses, drying kilns, and surface coating
systems, carry a high risk of failure due to the density of both their
mechanical and electronic components (Xu et al., 2021). At this
point, predictive maintenance (PdM) makes it possible to detect
potential failures before they occur and to plan maintenance
activities at the optimum time by continuously monitoring the
operational status of these machines.

Recent studies show that PdM in the production of
furniture and wood products not only ensures production
continuity but also provides strategic contributions in terms of
energy efficiency, occupational safety, and sustainable resource
utilization (Duflou et al., 2012). Thanks to Internet of Things
(loT)-based sensor networks, the temperature, vibration, current,
and pressure data of the machines are monitored in real-time; the
predictions obtained from these data are integrated into artificial
intelligence-supported software that automates maintenance
decisions (Xu et al.,, 2018). Table 2 below summarizes the
machines commonly used in furniture production and the
fundamental benefits provided by PdM in this equipment.



Agac Isleri Endiistri Miihendisligi Alaninda Giincel Konular ve Akademik Degerlendirmeler

Table 2. Predictive Maintenance Application Areas in Furniture
Production Equipment

Machine Monitored Sensors Used Benefits
Type Parameters Provided
CNC Vibration, Accelerometer, Early failure

Machines spindle thermocouple, warning, tool life

temperature, current sensor tracking, quality
energy stability
consumption
Edge Motor current, Current sensor, Continuity of
Banding adhesive infrared (IR) bonding quality,
Machine temperature temperature sensor downtime
reduction
Press Pressure, stroke Pressure sensor, Hydraulic failure
Machine count, oil thermistor prevention,
temperature energy savings
Drying Kiln Air flow rate, Humidity and Energy
temperature temperature sensor efficiency,
difference reduction of
material
deformation

Surface Fan rotation Rotation and Prevention of

Treatment speed, paint viscosity sensor coating defects,
Line viscosity material savings

These implemented data-driven strategies reduce
unplanned downtime in production lines by up to 30% and
provide savings of 20-25% in total maintenance costs (Wang et
al., 2019). Furthermore, through the integration of PdM with
digitalization, production planning systems can perform smart
production scheduling by taking maintenance data into account,
thereby guaranteeing the uninterrupted operation of the
production line (Xu et al., 2021).

However, it is observed that PdM has evolved from being
merely an operational tool into a strategic competitive factor in
the furniture sector. Shortening customer delivery times, rising
energy costs, and global pressures for sustainable production are
directing  enterprises toward data-driven  maintenance
management (Xu et al., 2021). This transformation is in full
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alignment with the digitalization goals of Industry 4.0 and the
emerging paradigms of Industry 5.0, which center on
sustainability and human-machine collaboration (Xu et al., 2021).
In Fig. 2, the contributions of predictive maintenance to the value
chain in furniture production are visualized.

[Enengy Efficiency] Raw Materials | [Raw Materials
Reduced Waste Input]

(Energy Savings)

h 4

Operational Optimization
(Increased Uptime)

[Production
[Predictive S Processes)
Maintenance (PdM) W
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Continuous Monitoring j

Defect Prevention
(Consistent Quality)

More Reliable
Logistics Schedules

Figure 2. Impact of predictive maintenance on the furniture
manufacturing value chain.

4. TECHNOLOGIES USED IN PREDICTIVE
MAINTENANCE

The effectiveness of predictive maintenance applications
is directly related to the accuracy of the technologies used, the
level of integration, and data processing capacity. Currently, the
Internet of Things (IoT), Machine Learning (ML), Artificial
Intelligence (Al), Digital Twins, and Big Data Analytics are the
prominent core technologies in this field. The integrated and
coordinated use of these components increases the speed and
accuracy of maintenance decisions, providing online monitoring
and automated decision support on production lines.

4.1. Internet of Things (1oT) and Sensor Technologies

10T sensors enable real-time data collection from critical
equipment used in furniture production, such as CNC machines,



Agac Isleri Endiistri Miihendisligi Alaninda Giincel Konular ve Akademik Degerlendirmeler

press machines, and surface treatment lines. Multidimensional
data, such as vibration, temperature, current, humidity, pressure,
and oil viscosity, allow for the early detection of potential failures
by instantaneously monitoring the operational status of the
equipment. Data collected through these sensors are transferred
to data centers or cloud platforms via wireless communication
protocols (such as Wi-Fi, LoRaWAN, ZigBee) and integrated
with maintenance software (O'Donovan et al., 2015). In the
furniture sector, sensor systems based particularly on vibration
analysis can predict motor and spindle failures with up to 90%
accuracy; furthermore, temperature-based loT measurements
provide early warning of bearing and motor winding failures.
Thanks to these proactive monitoring systems, unexpected
downtime on the production line is prevented, and maintenance
activities are carried out in a planned manner that does not disrupt
the production flow.

4.2. Machine Learning and Artificial Intelligence

Machine learning constitutes the core analytical
component of predictive maintenance systems. Classification,
regression, and clustering algorithms are used to forecast failure
probabilities over historical data, calculate the remaining useful
life of equipment, and determine anomalies. Recently, deep
learning-based models have demonstrated significant success in
complex areas such as Time Series Analysis and Failure Type
Classification (Ismail Fawaz et al., 2019).

Artificial intelligence plays a critical role in the process of
automating maintenance decisions. Al-based systems analyze
historical maintenance records and operational data to make
predictions based on similar examples for new situations
encountered. This approach minimizes human error in
maintenance planning and significantly accelerates the decision-
making process (Peres et al., 2020).
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4.3. Digital Twin Technology

A Digital Twin is the creation of a high-fidelity virtual
replica of a physical machine or system and the monitoring of
real-time data flow through this copy. This technology provides
the opportunity to perform risk analysis of maintenance scenarios
by simulating the behavior of production systems (Qi et al.,
2021). In the furniture industry, digital twin applications are
particularly used in CNC machines and press lines, optimizing the
maintenance process and operational efficiency by detecting
deviations in machine parameters in advance.

4.4. Big Data Analytics and Cloud-Based Systems

The amount of data generated in PdM applications is quite
high due to the high sampling rates of sensors. Big Data Analytics
techniques are used to process, store, and interpret these data
(O'Donovan et al., 2015). Through platforms such as Hadoop,
Spark, and Azure Machine Learning, multidimensional data
coming from different machines and facilities can be analyzed
holistically and in parallel. Cloud-based maintenance systems, on
the other hand, make these analyses and monitoring dashboards
accessible remotely. Thus, maintenance engineers can monitor
machine status and failure predictions across different production
facilities through a single central control panel. This architecture
provides significant cost advantages, especially for small and
medium-sized furniture enterprises with limited IT infrastructure.
Table 3 below summarizes the core technologies used in
predictive maintenance, their functions, and the contributions
they provide.

10
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Table 3. Core Technologies Used in Predictive Maintenance and
Their Functions

Technology Function Provided Contribution
IoT Sensors Real-time data Early failure detection,
acquisition continuous monitoring
Machine Data analysis and Failure probability
Learning prediction forecasting, maintenance
scheduling
Artificial Decision support Automated maintenance
Intelligence system planning, error reduction
Digital Twin Virtual modeling and Process optimization, risk
simulation analysis
Big Data Multidimensional data Trend analysis, system
Analytics processing reliability enhancement
Cloud Systems Central access and Remote monitoring, cost
integration advantage

5. DATA COLLECTION, ANALYSIS, AND
RELIABILITY MANAGEMENT IN THE
FURNITURE INDUSTRY

The success of predictive maintenance in the furniture
industry depends directly on data quality and analytical accuracy.
Data obtained from production lines provide critical information
not only on machine performance but also on energy
consumption, material quality, and overall process efficiency.
Therefore, the data collection process is the most critical step of
the predictive maintenance cycle (Zikopoulos et al., 2012).

5.1. Data Collection Process

In furniture production facilities, data collection is
generally carried out through a three-tier architecture:

e Physical Layer (Sensor Level): Sensor data such as
vibration, temperature, current, torque, pressure, and
humidity are collected directly from machine
components. These data are recorded at high sampling

11
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rates (often per-second), enabling the early detection of
potential anomalies.

e Communication Layer: The collected data are transmitted
to cloud-based data centers via loT network protocols
(e.g., MQTT, OPC-UA, Modbus). At this stage,
encryption and authentication mechanisms are utilized to
ensure data security.

e Data Processing Layer: Raw data are filtered, missing
values are imputed, and statistical noise reduction
operations are performed.

Thanks to this multi-layered structure, data obtained from
production systems become processable with high accuracy. In
particular, vibration monitoring and thermal monitoring methods
are frequently preferred in CNC and press lines (Wang et al.,
2022).

5.2. Data Analysis Approaches

Collected data are processed using descriptive, predictive,
and prescriptive analytical approaches. Descriptive analysis
focuses on understanding past events and identifying failure
patterns. Predictive analysis forecasts potential failures in
advance using statistical modeling and machine learning
methods. Prescriptive analysis provides an answer to the question
"what should be done?" by prioritizing maintenance actions.

The most widely used predictive models in the furniture
industry include Random Forest, Support Vector Machines
(SVM), Long Short-Term Memory (LSTM) networks, and
Convolutional Neural Networks (CNN). For instance, in a study
conducted by Wang et al, it was reported that LSTM-based
predictive models could detect CNC spindle failures with 93%
accuracy (Wang et al., 2022). Table 4 below summarizes the

12
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primary data analysis methods used in the furniture industry and
their advantages.

Table 4. Data Analysis Methods Used in Furniture Manufacturing

Analysis Method Purpose of Use Advantage
Time Series Trend detection from Predicting failure time
Analysis continuous sensor data
SVM (Support Failure classification High accuracy, effective
Vector Machines) on small datasets
Random Forest Multi-variable analysis Ability to handle noisy
data
LSTM Networks | Prediction on sequential | Highly suitable for time-
data dependent data
CNN Visual and vibration High success rate in
signal analysis recognizing complex
patterns

5.3. Data Reliability and Quality Management

Data reliability is one of the determining factors in the
success of predictive maintenance systems. Erroneous or missing
data can lead to incorrect predictions and unnecessary
maintenance interventions. Therefore, a comprehensive Data
Quality Management (DQM) process must be implemented.

To enhance data reliability, periodic calibration of sensors
must be performed, synchronization errors in the data collection
infrastructure must be resolved, and noise filtering and anomaly
detection algorithms must be utilized. Furthermore, for data
integrity, hash-based verification techniques and cybersecurity
protocols (e.g., AES, TLS) should be deployed. In this way,
production data are protected from manipulation, and the
reliability of artificial intelligence models is significantly
increased. Figure 3 illustrates the general flow of the data
collection and analysis process in furniture manufacturing.

13
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Figure 3. General flow of the data collection and analysis process
in furniture manufacturing.

The diagram illustrates the process starting from the
collection of sensor data (IoT/PLC) to the subsequent stages of
data transmission, pre-processing, prediction, and decision
support. This structure explains how the data flow is processed
within predictive maintenance systems and at which specific
stages maintenance decisions are generated.

6. COST-EFFECTIVENESS AND
SUSTAINABILITY IMPACT OF PREDICTIVE
MAINTENANCE IN THE FURNITURE
INDUSTRY

Predictive maintenance (PdM) is not only a technical
necessity but also a strategic investment in terms of economic and
environmental sustainability. While equipment is maintained
after a failure or at specific intervals in traditional maintenance
approaches, the PdM approach schedules maintenance actions
based on real-time data and failure probability predictions. This
prevents unnecessary downtime, directly provides cost savings,
and increases overall production efficiency.

Field applications in the furniture sector demonstrate that
enterprises implementing PdM achieve a 20-30% reduction in
maintenance costs and a 35-40% reduction in unplanned
downtime. These rates are even more pronounced in high energy-
consuming equipment such as CNC machines, edge banding
machines, and surface treatment lines.

14
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6.1. Cost-Effectiveness Analysis

The economic impacts of PdM applications are evaluated
through direct costs (maintenance, spare parts, labor) and indirect
costs (production loss, energy waste, product defects). Table 5
below summarizes the effects of predictive maintenance on these

cost elements.

Table 5. Impact of Predictive Maintenance on Cost Elements

Cost Element Traditional Predictive Achieved
Approach Maintenance Savings
Approach (%)
Maintenance Planned or post- Condition-based 20-25
Labor failure intervention
intervention
Spare Parts Overstocking or Planned 15-20
Usage late procurement | procurement prior
to failure
Energy Low-efficiency Operation at 10-18
Consumption operating cycle optimum load
Production Unplanned Pre-planned 30-40
Downtime interruptions maintenance
intervals
Product Defect High quality Process stability is 12-15
Rate deviations ensured

This table reveals that PdAM provides indirect gains not
only by reducing direct repair costs but also by increasing
production line stability and product quality. In this context, the
Return on Investment (ROI) period is generally realized in the
range of 1.5 to 2 years.

6.2. Sustainability Perspective

The furniture sector is a production area with high
environmental impacts; elements such as energy consumption,
material waste, and chemical emissions directly affect sectoral
sustainability performance. PdM systems serve as an important
improvement tool at this point:

15
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» Energy efficiency: Machines operating without failure
prevent unnecessary energy loss.

* Reduction of material waste: Defective production is
minimized through continuous process monitoring.

» Extension of equipment life: Equipment can be used
for a longer period under optimal operating conditions.

» Reduction of carbon footprint: The increase in energy
efficiency directly contributes to the reduction of CO-
emissions.

These impacts are also well-aligned with the European
Green Deal and Industry 5.0 policies. Particularly in the
dimension of environmental sustainability, PdAM has become one
of the fundamental components of the "smart and green
manufacturing” paradigm (European Commission, 2024). The
dimensions of PdM's contribution to the sustainability axis in the
furniture industry are summarized below.
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Figure 4. Sustainability dimensions of predictive maintenance.

16



Agac Isleri Endiistri Miihendisligi Alaninda Giincel Konular ve Akademik Degerlendirmeler

7. IMPLEMENTATION CHALLENGES AND
FUTURE TRENDS OF PREDICTIVE
MAINTENANCE IN THE FURNITURE
INDUSTRY

The applicability of predictive maintenance (PdM) in the
furniture industry is closely linked to both the adequacy of
technical infrastructure and the capacity for organizational
transformation. Although PdM offers significant advantages in
terms of production continuity and cost-effectiveness, various
challenges and limitations exist in practice.

7.1. Implementation Challenges

» Data Quality and Lack of Standards: Machines used in
furniture manufacturing often belong to different
manufacturers, leading to incompatibility among
sensor protocols, data formats, and communication
standards. This situation weakens data integrity and
complicates analysis processes.

» High Initial Investment Cost: The deployment of IoT
sensors, data collection infrastructure, and Al-
supported software requires a substantial investment,
particularly for small and medium-sized enterprises
(SMEs). Although it provides cost advantages in the
long term, it creates capital pressure in the short term.

» Scarcity of Skilled Human Resources: The shortage of
personnel specialized in data science, artificial
intelligence, and industrial analytics hinders the
sustainability of PdM projects. In the majority of
furniture SMEs in Turkey and Europe, maintenance
personnel still operate using traditional methods.

* Integration Difficulties: The integration of PdM
systems with existing ERP, MES, and SCADA

17
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architectures is a technically complex and time-
consuming process. This necessitates a comprehensive
restructuring of the information technology
infrastructure.

» Cultural and Managerial Resistance: The prevalence of
a "reactive maintenance” (post-failure intervention)
mindset within corporate culture can create resistance
to transitioning to predictive maintenance practices.
Therefore, management support and change
management strategies are of critical importance.

7.2. Future Trends

Technological advancements in the field of PdM are
shaping the vision of smart, autonomous, and sustainable
maintenance systems in the furniture sector.

» Al-Powered Self-Learning Systems: Next-generation
artificial intelligence algorithms are gaining the ability
to learn continuously from machine data and
dynamically optimize maintenance scheduling. These
approaches enable the production line to achieve a self-
regulating structure.

* Widespread Use of Digital Twins: Digital twin
technology enables the real-time simulation of all
equipment by creating virtual replicas of production
facilities. Consequently, maintenance scenarios can be
pre-tested in terms of cost and risk factors.

o Sustainability-Oriented Smart Maintenance: In
alignment with the Industry 5.0 paradigm, PdM is
becoming compatible not only with efficiency but also
with environmental sustainability and human-centric
manufacturing goals. Energy efficiency, waste
management, and carbon footprint reduction have

18
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begun to feature among the key performance indicators
of maintenance strategies (European Commission,
2024).

* Integration of Cloud and Edge Computing: Cloud-
based data storage and edge computing technologies
enhance real-time analysis speed and minimize
network latency. This architecture allows 10T devices
in furniture factories to perform local data processing
without continuous dependence on a central server.

» Standardization and Open Data Platforms: In the
future, open-source industrial data protocols (e.g., OPC
UA, MQTT, DDS) will become more prevalent to
facilitate seamless data sharing in PdM applications.
This will significantly enhance interoperability among
machines originating from diverse manufacturers.

8. CONCLUSION

This study demonstrates that predictive maintenance
(PdM) offers multidimensional benefits to the furniture industry,
moving beyond mere cost reduction to enhance production
quality, energy efficiency, and environmental sustainability.
Given the high precision required in furniture manufacturing—
where mechanical, thermal, and chemical processes intersect—
the integrated use of loT, Al, and digital twins is critical for
proactive failure prediction and production continuity.

Economically, PdM accelerates the return on investment
(ROI) by reducing maintenance costs by 20-30% and unplanned
downtime by 35-40%. Environmentally and socially, it
minimizes material waste, lowers the carbon footprint, and
mitigates occupational safety risks, perfectly aligning with the
green manufacturing paradigm.

19
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To integrate PdM systems within the Industry 5.0 vision
of human-machine collaboration and sustainability, the following
actions are recommended:

e Modular, low-cost sensor solutions should be
developed for SMEs.

* University-industry collaborations must be promoted
to localize Al-based maintenance algorithms.

» Data literacy and digital competency training should be
expanded for employees.

* PdM systems must be aligned with environmental
performance reporting and carbon reduction policies.

Ultimately, PdM is not merely a technical upgrade but a
strategic necessity for the furniture sector, shaping future
manufacturing paradigms through its combined economic,
environmental, and social advantages.
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KUSURDAN ISLEVE: 4B BASKI VE
PROGRAMLANABILIR YAPILARDA AHSABIN
HIGROMORFIK DAVRANISINDAN
YARARLANILMASI

Izham KILINC!

1. GIRIS

Dogal ve yenilenebilir bir miihendislik malzemesi olan
ahsap, hiicre duvarini olusturan seliiloz, hemiseliiloz ve lignin
polimerlerinin hidroksil gruplarindan 6tiirii ¢evresindeki bagil
nem degisimlerine kars1 yiiksek du-yarlilik gosterir ve biinyesine
su alip verirken radyal, teget ve boyuna ek-senlerde birbirinden
farkli oranlarda genlesir ya da daralir. Geleneksel ahsap isleme
endiistrisinde bu anizotropik davranig; carpilma, donme ve
catlama gibi boyutsal kararsizliklara yol agtigi i¢in bir kusur
olarak kabul edilmis, bu kusuru gidermek amaciyla yiizey
kaplamalari, termal modifikasyon ve emp-renye islemleri
gelistirilmigtir (Yang ve Liu, 2020; Holmbergvd., 1999).

Buna karsilik doga, higromorfik davranist bir kusurdan
ziyade harici enerji gerektirmeyen pasif bir hareket mekanizmasi
olarak degerlendirir. Cam kozalaklarinin diisiik bagil nemde ayrik
bir mekanik eklem yapisina gereksinim duymaksizin agilarak
tohumlarmi sagmasi, hiicre duvarindaki mikrofibril yoneliminin
tetikledigi adaptif bir biikiilme hareketidir ve bitki biyomekanigi
literatiiriinde biyoesinli aktliasyon sistemlerinin baslica mod-
ellerinden biri olarak kabul edilir (Burgert ve Fratzl, 2009).
Eklemeli Imalat (3B baski) teknolojilerinin {iretim siirecine

1 Assist. Prof. Dr., Batman University, Vocational School of Technical Sciences,
Department of Design, ORCID: 0000-0002-4145-1225.
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"zaman" ve "uyarana tepki" degiskenlerini dahil etmesiyle Dort
Boyutlu (4B) Baski kavrami ortaya ¢ikmistir; bu kavrama gore
tiretilen bir parg¢a, nem, 1s1 veya 1s1k gibi ¢evre-sel uyaranlara
maruz kaldiginda 6nceden tasarlanmis bir geometriye dogru form
degistirebilir (Tibbits, 2014). Ahsap ve polimer matrislerin bu
ilkeyle birlestirilmesi, ahgsabin higroskopik sisme ve biiziilme
egilimini yapisal bir dezavantajdan akilli kompozit malzemeler
icin programlanabilir bir avantaja doniistiirmiistiir (Correa vd.,
2015). Alandaki giincel derlemeler de higro-morfik 4B baski
sistemlerinin malzeme secimi, Uretim yoéntemi ve aktlas-yon
performans1 bakimindan hala hizla gelisen, disiplinlerarasi bir
arastirma alan1 oldugunu vurgulamaktadir (de Kergariou vd.,
2023). Bu bolimde, ahsap-polimer kompozitlerin 4B baski
streclerindeki  higromorfik program-lanabilirligi; malzeme
formiilasyonlari, iiretim parametreleri, biyomimetik tasarim
stratejileri,  sekil  degistirme  davramisinin  hesaplamali
modellenmesi ve i¢ mekan/mimari uygulamalar basliklar altinda
biitlinciil bir sekilde ele alinmaktadir.

2. AHSABIN HIGROMORFIK
MEKANIZMALARI VE ANiZOTROPI

Ahgabin su ile etkilesimi ve buna bagli boyutsal
degisimleri, malze-menin kimyasal bilesimi ve hiicresel
ultrastriiktiirii ile dogrudan iliskilidir. Hiicre duvarini olusturan
seluloz, hemiseliiloz ve lignin polimerleri, icer-dikleri hidroksil (-
OH) gruplar nedeniyle su molekiilleriyle hidrojen bagi kurma
egilimindedir; bu da nem alimi sirasinda hiicre duvan
katmanlarinm farkli yonlerde genlesmesine yol agar.

2.1. Hiicre Duvar Ultrastriiktiirii ve Mikrofibril
Acis1

Higromorfik tepkinin siddeti ve yonii, hiicre duvarinin
kalin S2 taba-kasindaki seliiloz mikrofibrillerinin uzunlamasina
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eksenle yaptig1 agiya, yani mikrofibril acisma baghdir (Xaiver
vd., 2025; Burgert ve Fratzl, 2009). Nem emilimi sirasinda su
molekiilleri mikrofibriller arasina girerek ag yapi-sin1 genisletir;
mikrofibril a¢isinin diisiik oldugu durumlarda eksenel uzama
smirl kalirken enine (teget ve radyal) genlesme belirgin bigimde
artar (Song vd., 2024). 4B bask1 uygulamalarinda malzeme y1gma
(toolpath) yonii, dogal odundaki mikrofibril agisina benzer
sekilde yapay bir anizotropi olusturarak kompozit malzemenin
hangi yonde sisip biiziilecegini belirle-yen temel mekanizma
olarak kullanilmaktadir (Le Duigou vd., 2016).

2.2. Siirdiiriilebilirlik Baglaminda Ahsabin Rolii

Ahsabin yenilenebilir olmasi, diisik gomiilii enerjiye
sahip olmasi ve biiylime siirecinde atmosferik karbonu
depolamasi, malzemeyi siirdiiriilebi-lir ~ yap1  bilesenleri
literatiirlinde 6ne ¢ikarmaktadir; ahsap esasli yap1 ele-manlarimnin
yasam dongiisii degerlendirmeleri, bu malzemenin gdmulu sera
gazi emisyonlarinin muhasebelestirilmesinde konvansiyonel
malzemelere  kiyasla  belirgin  avantajlar  sundugunu
gOstermektedir (Andersen vd., 2021). Kiguk olcekli, kompakt
yasam birimleri (tiny house) iizerine yiirlitiilen yasam dongiisii
analizleri de, ahsap ve diger dogal esasli yapi sistemlerinin
cevresel performans acisindan endiistriyel alternatiflere kiyasla
olumlu so-nuglar verdigini ortaya koymaktadir (Dipasquale vd.,
2025). Bu Dbulgular, ahsabin higromorfik davraniginin
islevsellestirilmesinin yalnizca malzeme bilimi agisindan degil,
siirdiiriilebilir mimari tasarim hedefleri agisindan da anlamli
oldugunu gostermektedir.

3. 4B BASKI ICIN AHSAP-POLIMER
KOMPOZIT FORMULASYONLARI

4B baski uygulamalarinda en sik kullanilan yontemlerden
biri olan Eriyik Yigma Modellemesi (FDM), termoplastik
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matrisler ile ahsap bazli dolgu maddelerinin entegrasyonuna
imkan tanimaktadir. Polilaktik Asit (PLA) gibi biyobozunur
polimerler, ahsap unu partikiilleriyle birlestirilerek nem
degisimine duyarli, higroskopik olarak aktif filamentler
uretilmektedir (Kariz vd., 2018a). Bu filamentlerden dretilen 3B
baski  numunelerinin  farkli  bagil nem  kosullarinda
kondisyonlanmasi, wood orani arttikca nem aliminin, boyutsal
sismenin arttigin1 ve egilme elastikiyet modiiliiniin azal-digini
gostermistir (Kariz vd., 2018b). Tamamen ahsap bilesenlerinden
olu-san, sentetik recine gerektirmeyen miirekkep sistemleri
lizerine yapilan ¢alismalar ise baski yolunun (toolpath) ve akis
hizinin kontroliilyle kurutma sonrast carpilma davraniginin
onceden tasarlanabildigini, diiz baskilanan nesnelerin eyer, kubbe

veya sarmal geometrilere doniisebildigini ortaya koymustur
(Kam vd., 2022).

3.1. Partikll Boyutu ve Dolgu Optimizasyonu

Eklemeli 1imalat siire¢lerinde noziil tikanmalarinm
Onlemek, araylizey yapismasini artirmak ve homojen bir
higroskopik tepki elde etmek icin par-tikul boyutu ve dolgu tlrd
kritik parametrelerdir. Atik kaynakli biyokémii-riin (bio-char)
ahsap-polimer kompozitlere katki maddesi olarak eklenmesi-nin,
kompozitin mekanik ve nem alim ozelliklerini iyilestirdigi ve
organik atiklarin degerlendirilmesi acisindan siirdiiriilebilir bir
yaklagim sundugu bildirilmistir (Das ve Bhattacharyya, 2015).
Benzer sekilde, dolgu oraninin ve fiber igeriginin artirilmasi
kompozitin su emme kapasitesini ve dolayisty-la higromorfik
hareket kabiliyetini artirirken, asir1 dolgu oranlarmin mal-
zemenin gozenekliligini ve kirllganligini artirabildigi, bu nedenle
formilas-yonun mekanik dayanim ile aktiiasyon performansi
arasinda bir denge go-zetilerek optimize edilmesi gerektigi
vurgulanmaktadir (Le Duigou vd., 2016).
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4. PROGRAMLANABILIR YAPILAR VE
BiYOMIMETIK TASARIM STRATEJILERI

Geleneksel imalatta malzemenin nihai formu kaliplama
veya talagli imalat ile verilirken, 4B baskida form, malzemenin
cevresel bir uyarana (neme) verdigi tepkiyle 6zerk bicimde ortaya
¢ikar. Bu durum, geometrinin sabit bir sonug olarak degil, zamana
ve nem kosullarma baghh dinamik bir fonksiyon olarak
tasarlanmasini gerektirir.

4.1. Baski Yoneliminin Sekil Programlamaya Etkisi

4B baski ile higromorfik programlamanin temel ilkesi,
baski yollari-nin yonelimini kontrol ederek kompozit parca i¢inde
kasti bir anizotropi olusturmaktir. Dogal ahsaptaki radyal-tegetsel
farklara benzer bicimde, FDM ile ekstriide edilen katmanlar kendi
eksenleri dogrultusunda yiiksek sertlik ve diisiik sisme
gosterirken, katmanlara dik yonde belirgin bir gen-lesme
sergilemektedir (Correa, Papadopoulou, Guberan, Jhaveri,
Reichert, Menges ve Tibbits, 2015). Bilgisayar destekli tasarim
araglartyla ¢ok kat-manli yapilarin her bir katmanindaki serim
acist ayrt ayrt programlanabilir; 6rnegin 0°/90° yonelimli iki
katmanli bir yapi, neme maruz kaldiginda be-lirli bir eksende
biikiilme veya kivrilma hareketi sergileyebilir (Menges ve
Reichert, 2012). Bu tasarim mantigi, giyilebilir sistemlerden
mimari kabuk-lara kadar genis bir dlgek araliginda, malzeme
uyumlulugunun hesaplamali olarak programlanabilmesine temel
olusturmaktadir (Cheng vd., 2021).

5. SEKIL DEGISTIRME DAVRANISININ
MAKINE OGRENMESI iLE MODELLENMESI

Higromorfik deformasyonlarin, polimer-ahsap araylizey
etkilesimleri-nin ve nem diflizyon kinetiklerinin dogrusal
olmayan ve ¢ok degiskenli dogasi, geleneksel analitik modellerle
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onceden Kkestirilmesini giiglestirmek-tedir. Bu nedenle son
yillarda yapay sinir aglar1 (YSA) ve diger makine 6grenmesi
yontemleri, ahsap esasli kompozit malzemelerin liretim paramet-
relerine  bagli mekanik ve higroskopik  6zelliklerinin
modellenmesinde yay-gin bi¢imde kullanilmaya baslanmistir.
Ahsap kompozitlerinin Uretim Ko-sullarma bagh o6zelliklerini
kestirmek amaciyla gelistirilen YSA tabanli modellerin, yiiksek
belirleme katsayis1 (R?) degerleriyle giivenilir tahminler
tiretebildigi gosterilmistir (Bardak vd., 2016). Bu yaklagim,
dogrudan 3B baski1 ile iiretilen PLA-ahsap kompozitlerine de
uyarlanmig; baski hizi, kat-man kalinligi, tarama agisi, dolgu
orant ve noziil sicakligi gibi parametrele-rin ¢gekme ve basma
dayanimi iizerindeki etkisini modelleyen yapay sinir agi ve
bulanik mantik tabanli modellerin, deneysel degerlere ¢ok yakin
tahminler trettigi raporlanmistir (Ulkir vd., 2025). Farkli makine
O0grenmesi algoritmalarinin karsilastirildigr ¢aligmalarda ise,
kisith veri setleriyle cali-sildiginda dahi topluluk (ensemble)
yontemlerinin ahsap-PLA kompozitle-rinin mekanik davranisini
yiiksek dogrulukla kestirebildigi bulunmustur (Anerao vd., 2024).
4B baski alaninda daha genel olcekte, aktif kompozit levhalarin
voksel diizeyinde malzeme dagilimina bagh sekil degisimini 6n-
ceden kestiren ve bu kestirimi tasarim siirecine geri besleyen
makine 0g-renmesi tabanli yaklasimlar da gelistirilmistir; bu
caligmalar, hedeflenen bir geometriye ulasmak i¢in gerekli
malzeme  dagillmmin  tasarim  asamasimnda  optimize
edilebilecegini gostermektedir (Sun vd., 2024). Ahsap-polimer
sistemlerine 6zgii, higromorfik kivrilma yaricapi ve tepki siiresi
gibi ciktilar1 dogrudan kestiren, genis Olgekli veri setlerine
dayanan modellerin sayis1 literatiirde heniiz siirli olmakla
birlikte, yukarida 6zetlenen ¢alismalar bu yonde hizla gelisen bir
arastirma egilimine isaret etmektedir.
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6. IC MEKAN TASARIMI VE MIMARI
UYGULAMALAR

Kusurdan isleve gecis konsepti, Ozellikle akilli mimari
kabuklar ve in-teraktif i¢ mekan mobilyalar1 alaninda somut
uygulama o6rnekleri tretmek-tedir. Menges ve Reichert (2012)
tarafindan ortaya konan gomiili duyarlilik (embedded
responsiveness) yaklasimi, ahsabin dogal higromorfik yapisin-
dan yararlanilarak ortamdaki nem oranma gore kendiliginden
acilip  kapana-bilen, enerji  gerektirmeyen gdlgelendirme
panellerinin tasarim ilkesini olus-turmustur. Bu ilke, giincel
calismalarda gercek oOlgekli bir bina cephesine uygulanmis;
biyoesinli, selliloz esasli ¢ift katmanl 4B baski elemanlarindan
olusan bir gdlgelendirme sisteminin, bir y1l boyunca gercek hava
kosulla-rinda test edilerek enerji acisindan 6zerk ve mimari
dlcekte uygulanabilir oldugu gosterilmistir (Cheng vd., 2024). ¢
mekan mobilyast Olgeginde ise, diiz paketlenip nakliyesi
kolaylastirilan ~ ancak nihai  kullanom ortamindaki nem
kosullartyla kendiliginden istenen forma biiriinen ahsap esash
mobilya prototipleri gelistirilmistir; bu tiir kendiliginden
sekillenen (self-shaping) tasarimlar, baski yolunun ve kurutma
kosullarinin 6nceden programlanma-siyla montaj gerektirmeyen,
baglanti elemani kullanmayan mobilya sistem-leri i¢in yeni bir
tiretim paradigmas1 6nermektedir (Kam vd., 2022). Bu drnekler,
higromorfik 4B baskinin yalnizca laboratuvar O6lceginde bir
merak konusu olmaktan ¢ikip, stirdiiriilebilir ve uyarlanabilir i¢
mekan ¢dziimleri i¢in uygulanabilir bir teknoloji haline geldigini
goOstermektedir.

7. SONUC

Geleneksel ahgap bilimi literatiiriinde uzun siire boyunca
mekanik ve boyutsal bir kusur olarak degerlendirilen higroskopik
genlesme davranisi, giiniimiiz 4B baski teknolojileri ve gelismis
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polimer kompozit formilasyon-lariyla islevsel bir tasarim
ilkesine dontismiistiir. Optimize edilmis partikiil boyutu ve dolgu
oranlartyla iretilen ahsap-polimer filamentler, hicresel
diizeydeki  biyomimetik  hareketliligi =~ makro  Olcege
tagityabilmektedir. Baski yoneliminin kontroliiyle olusturulan
kasti anizotropi stratejileri sayesinde bu malzemeler, harici bir
enerji kaynagina ihtiyag¢ duymadan c¢evresel neme tepki
verebilmektedir. Bu karmasik sekil degistirme dinamiklerinin
yapay sinir aglar1 ve diger makine 6grenmesi yontemleriyle
onceden modellene-bilmesi, tasarimcilara ve mihendislere
Ongoriilebilir akill yapilar gelistirme imkani1 sunmaktadir. Cephe
golgelendirme  sistemlerinden  kendiliginden  sekillenen
mobilyalara uzanan uygulama 6rnekleri, bu yaklagimin yalnizca
kavramsal degil, mimari 6l¢ekte test edilmis, uygulanabilir bir
teknoloji oldugunu gostermektedir. Sonug¢ olarak, doganin
ylizyillardir islettigi hig-romorfik mekanizmalarin eklemeli
imalat ve veri odakli modelleme yon-temleriyle birlesmesi,
stirdiiriilebilir, adaptif ve diisiik enerjili i¢ mekan ve mimari
¢oziimler icin gii¢lii bir teknolojik zemin olusturmaktadir.
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