
~ 70 ~ 

International Journal of Computing and Artificial Intelligence 2025; 6(2): 70-76 
 

  
 
E-ISSN: 2707-658X 
P-ISSN: 2707-6571 
www.computersciencejournals.
com/ijcai 
IJCAI 2025; 6(2): 70-76 
Received: 19-05-2025 
Accepted: 23-06-2025 
 
Dr. Amit Sharma 
PhD, Department of Printing 
Technology, Guru 
Jambheshwar University of 
Science & Technology, Hisar, 
Haryana, India 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Corresponding Author: 
Dr. Amit Sharma 
PhD, Department of Printing 
Technology, Guru 
Jambheshwar University of 
Science & Technology, Hisar, 
Haryana, India 

 
Intelligent efficiency: Leveraging AI and ML for cost 

control in print production 
 

Amit Sharma 
 
DOI: https://www.doi.org/10.33545/27076571.2025.v6.i2a.179  
 
Abstract 
The print production industry is undergoing a technological transformation, driven by the need for cost 
efficiency, speed, and quality. Traditional cost control methods such as Lean, TQM, and Six Sigma are 
increasingly limited in managing the complex variables of modern workflows. This paper explores how 
Artificial Intelligence (AI) and Machine Learning (ML) are reshaping cost control by enabling 
predictive, proactive, and prescriptive decision-making. Applications discussed include predictive 
maintenance, ink and substrate optimization, dynamic job scheduling, defect detection, and inventory 
forecasting. A hybrid research approach—combining analytical review with industry insights—
highlights the capabilities of supervised, unsupervised, and reinforcement learning models. The 
findings demonstrate that AI/ML systems can reduce unplanned downtime, minimize material waste, 
and enhance pricing accuracy, offering savings between 10-35%. Despite adoption challenges like data 
silos and integration with legacy systems, the study concludes that AI-enabled cost governance is 
critical for printers seeking long-term competitiveness in an increasingly digital and data-driven 
industry. 
 
Keywords: Artificial intelligence, machine learning, print production, cost control, predictive 
maintenance, ink optimization, job scheduling, defect detection, substrate waste reduction, 
reinforcement learning, color management, inventory forecasting, print automation, smart 
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Introduction 
Print production, once characterized by mechanical precision and manual oversight, is 
undergoing a fundamental transformation in the face of rising operational costs, competitive 
pricing pressures, and evolving customer expectations. The industry—encompassing 
commercial offset printing, digital presses, packaging converters, and book manufacturing—
must now deliver high-quality output faster and more economically than ever before. In such 
an environment, cost control has emerged as a strategic imperative, influencing not only 
profitability but also production planning, quality assurance, and customer satisfaction. 
Traditionally, cost control in print manufacturing relied heavily on experience-based 
estimation, linear scheduling models, and reactive quality inspection. While techniques like 
Lean Manufacturing, Six Sigma, and Total Quality Management (TQM) have contributed to 
process efficiency, they remain constrained by human limitations and static rule-based 
systems. These methods struggle to keep pace with the complex variability inherent in 
modern printing workflows—where thousands of job combinations, material types, machine 
conditions, and operator inputs influence the final cost outcome. 
The emergence of Artificial Intelligence (AI) and Machine Learning (ML) offers a powerful 
set of tools to address these challenges. Unlike traditional automation, AI systems are 
capable of learning from data, identifying hidden patterns, and making predictive or 
prescriptive decisions in real time. In the context of print production, AI can anticipate 
breakdowns before they occur, optimize ink consumption based on image data, detect subtle 
print defects with machine vision, and dynamically reschedule jobs to reduce changeover 
waste. These capabilities not only reduce costs but also enhance consistency, scalability, and 
responsiveness across the print supply chain. 
As print businesses increasingly generate vast amounts of data—from sensor logs, ink usage 
reports, quality audits, and order histories—the potential to harness this information through 
AI has become both practical and necessary. However, adoption remains uneven, with many  
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organizations unsure of where to begin or how to quantify 
returns. Furthermore, integration challenges with legacy 
systems, data silos, and a lack of domain-specific AI models 
present obstacles to industry-wide transformation. 
This paper investigates the multifaceted role of AI and ML 
in cost control across print production processes. It explores 
the applications of AI in predictive maintenance, ink and 
substrate optimization, job scheduling, inventory 
forecasting, and quality control. Through literature analysis, 
technology mapping, and industry case studies, the paper 
demonstrates how AI can evolve print manufacturing from a 
reactive cost management model to a proactive, intelligent, 
and sustainable production ecosystem. The findings aim to 
provide actionable insights for printers, production 
managers, equipment vendors, and policymakers working to 
future-proof the print industry. 
 
Literature Review 
Historical Approaches to Cost Control in Print 
Production 
Cost control in the print production industry historically 
leveraged methodologies such as Lean Manufacturing, Total 
Quality Management (TQM), and Six Sigma, each 
emphasizing efficiency, quality, and process optimization. 
Lean Manufacturing principles, originating from the Toyota 
Production System, have been extensively applied to 
minimize waste such as excessive makeready times, 
unnecessary material handling, and inventory excess in print 
operations (Womack & Jones, 1996) [16]. Techniques such as 
Value Stream Mapping and 5S (Sort, Set in Order, Shine, 
Standardize, Sustain) have been utilized to streamline 
workflows and maintain operational discipline (Liker, 2004) 

[10]. 
Total Quality Management has historically emphasized 
quality integration at every production stage, promoting 
continuous improvement through practices such as Kaizen, 
quality circles, and feedback loops (Deming, 1986) [2]. 
Although beneficial in building a culture of quality, TQM 
relies significantly on human expertise and can lack real-
time adaptive capabilities. 
Six Sigma methodologies, characterized by their structured 
DMAIC framework (Define, Measure, Analyze, Improve, 
Control), have enabled data-driven analysis and systematic 
reduction of variability in print production processes (Harry 
& Schroeder, 2006) [6]. Statistical Process Control (SPC) 
tools within Six Sigma have assisted printers in improving 
registration accuracy, color consistency, and defect 
minimization, yet these methods can be challenging to adapt 
quickly in environments requiring real-time responsiveness 
and flexibility (Pyzdek & Keller, 2009) [12]. 
 
AI and ML in Adjacent Industries and Transferable 
Models 
Adjacent industries such as textiles, packaging, and 
automotive manufacturing have successfully adopted AI and 
Machine Learning (ML) models to enhance operational 
efficiency, presenting transferable models for print 
production. 
In textile manufacturing, AI-driven quality inspection 
systems employing convolutional neural networks (CNNs) 
significantly reduce defects in fabric production by 
performing real-time pattern recognition and anomaly 
detection (Singh et al., 2021) [14]. Similarly, ML algorithms 
predict yarn quality and optimize dyeing processes, 

drastically reducing waste and downtime (Patel & Chauhan, 
2019) [11]. 
Packaging industries utilize AI for vision-based quality 
control, including automated detection and correction of 
labeling errors and misprints. Reinforcement learning has 
optimized robotic systems for precise substrate handling and 
minimized material waste (Wang et al., 2020) [15]. 
Automotive manufacturing has extensively applied AI in 
predictive maintenance, where machine learning models 
analyze sensor data to predict equipment failures, reducing 
unplanned downtime and associated costs (Lee et al., 2019) 

[9]. AI-driven Manufacturing Execution Systems (MES) 
dynamically adjust workflows based on predictive analytics, 
enhancing efficiency and throughput (Feng et al., 2020) [4]. 
 
Published Work on AI in Print Production 
Within the printing industry, published research on AI 
remains relatively nascent but promising, addressing job 
scheduling, ink optimization, and defect detection. 
Job scheduling optimization has employed reinforcement 
learning and heuristic algorithms to effectively sequence 
print jobs, minimize downtime, and optimize resource 
utilization (Rodríguez et al., 2022) [13]. Research by García 
and Pérez (2021) [5] highlights the effectiveness of machine 
learning models in dynamically adapting schedules based on 
real-time production constraints. 
Ink optimization has seen advances through neural networks 
and AI-driven color management systems, using algorithms 
that predict optimal ink coverage and ink-mixing strategies, 
significantly reducing ink usage while maintaining visual 
quality (Chen & Lee, 2020; EFI White Paper, 2021) [1, 3]. 
AI-driven defect detection leverages deep learning 
technologies, especially CNNs, for real-time inspection and 
identification of print imperfections like ghosting, 
misregistration, and color inconsistency, significantly 
reducing substrate waste (Kumar et al., 2022) [8]. The use of 
AI-based computer vision systems has demonstrated 
substantial improvement in defect detection accuracy 
compared to manual inspection methods (Heidelberg White 
Paper, 2021) [7]. 
 
Identified Gaps 
Despite advances, significant gaps remain. Existing 
literature predominantly focuses on isolated AI applications 
in print production rather than integrated, comprehensive 
systems. Few published studies illustrate fully integrated 
ML systems capable of holistic cost management across the 
entire print production cycle, encompassing predictive 
maintenance, resource optimization, and quality assurance 
simultaneously. 
Further, there is limited empirical research addressing 
practical considerations, such as real-world implementation 
challenges, integration with legacy systems, scalability, and 
interoperability. Economic assessments of AI and ML 
investments in print production remain sparse, with minimal 
discussion on Return on Investment (ROI) modeling, 
presenting a barrier to broader adoption (Feng et al., 2020; 
García & Pérez, 2021) [4, 5]. 
 
Methodology 
Research Approach 
This study adopts a hybrid methodology that combines an 
analytical literature review with selected industrial case 
analyses to explore the role of Artificial Intelligence (AI) 
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and Machine Learning (ML) in cost control across the print 
production ecosystem. 
The analytical review synthesizes existing academic 
publications, technical white papers, and vendor case studies 
to identify proven and emerging AI/ML applications in print 

and adjacent manufacturing sectors. This is supplemented 
by case-based inquiry, drawing upon operational data, plant 
documentation, and insights from professionals managing 
print workflows and automation systems. 

 
Table 1: Overview of Machine Learning Techniques in Print Production and Their Impact on Cost Efficiency 

 

ML Technique Primary Application Key Cost Benefit 
Convolutional Neural Networks (CNNs) Defect Detection & Print Quality Control Reduces reprints and substrate waste 

Support Vector Machines (SVMs) Print Defect Classification Improves defect classification efficiency 
Reinforcement Learning (Deep Q-Learning, PPO) Job Scheduling & Press Utilization Minimizes press idle time and changeovers 

k-Means Clustering / Auto encoders Anomaly Detection in Equipment 
Maintenance Prevents unplanned downtime 

Random Forests / Gradient Boosting Ink/Material Cost Prediction & Estimation Enables accurate quoting and material 
planning 

 
The combined approach ensures both theoretical grounding 
and practical relevance, capturing how AI is not only 
conceptualized in research but also deployed on the 
production floor. 
 
Data Sources 
The study relies on a triangulation of the following primary 
and secondary sources: 

Technical White Papers and Industry Reports 
Documents from leading press and automation 
vendors (e.g., Heidelberg, EFI, HP Indigo, Bobst, 
Kodak, Komori) were reviewed to understand 
embedded AI modules, ink saving algorithms, 
predictive maintenance protocols, and scheduling 
engines. Examples include: 

• Heidelberg Predictive Monitoring Systems White Paper 
(2021) [7] 

• EFI Smart Ink Optimization and Scheduling Suite 
Documentation (2021) 

• HP Indigo PrintOS X Smart Scheduling Engine Guide 
(2022) 

 
Academic Literature and Patent Analysis 
Peer-reviewed articles on AI-based defect detection, job 

shop scheduling, and print process optimization were 
examined. Where available, patents were consulted to 
understand proprietary AI workflows (e.g., Xerox and 
Canon color control algorithms, US Patents 10898523 and 
11029876). 
 
Expert Interviews 
Semi-structured interviews were conducted with: 
• Production Heads from commercial print and packaging 

plants in India and Southeast Asia. 
• Data scientists working on AI integrations for digital 

presses. 
• Vendor support engineers from Heidelberg and EFI. 
 
These interviews provided insights on practical 
implementation challenges, cost-saving results, integration 
with legacy MIS/ERP systems, and personnel training 
requirements. 
 
Plant Process Documentation 
Access was granted to SOPs and monthly performance 
dashboards from two participating plants, enabling an 
evaluation of AI's impact on press downtime, make ready 
time, substrate waste, and ink consumption. 

 

 
 

Fig 1: AI Integration in Print Production Workflow 
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Overview of Machine Learning Models Used 
To assess the technological basis of AI interventions in cost 
control, the study classified ML implementations across 
three primary functional domains: 
• Supervised Learning for Defect Detection and 

Quality Control 
Techniques such as Convolutional Neural Networks 
(CNNs) and Support Vector Machines (SVMs) are 
employed to classify and predict defects like ghosting, 
misregistration, streaks, and scumming in real time. 
These models are trained on labeled image datasets and 
deployed via high-resolution vision systems. 

• Reinforcement Learning for Job Scheduling and 
Resource Optimization 
Reinforcement learning models are used to optimize 
press scheduling, minimize changeover costs, and 
reduce idle times. Algorithms such as Deep Q-Learning 
and Proximal Policy Optimization (PPO) dynamically 
learn from job mix variations, substrate compatibility, 
and machine throughput. 

• Unsupervised and Semi-Supervised Learning for 
Anomaly Detection and Predictive Maintenance 
These models identify deviations from normal 
equipment behavior by analyzing sensor data 
(vibration, temperature, torque). Clustering algorithms 
(e.g., k-means, DBSCAN) and auto encoders help 
preempt failures, schedule downtime intelligently, and 
lower maintenance costs. 

• Regression Models and Ensemble Methods for Cost 
Prediction 
Techniques such as Random Forests, Gradient 
Boosting, and Bayesian Networks are applied to 
historical production data to predict ink usage, print run 
efficiency, and substrate yield, enabling more accurate 
job costing and procurement. 

 
Each model was evaluated based on its accuracy, 
interpretability, training time, integration capability, and 
impact on cost-related KPIs such as unit cost reduction, 
waste percentage decline, and maintenance interval 
extension. 
 
AI and ML Applications in Cost Control 
Artificial Intelligence (AI) and Machine Learning (ML) 
offer scalable, predictive, and data-driven mechanisms to 
manage and reduce operational costs in print production. 
The following subsections explore six key domains where 
AI/ML interventions are transforming cost management in 
printing. 
Predictive Maintenance 
Traditional maintenance in print production has been time-
based (scheduled) or reactive (after failure). Predictive 
maintenance uses machine learning to anticipate equipment 
failures before they occur, leveraging continuous data from 
sensors monitoring parameters such as vibration, bearing 
temperature, torque load, and motor efficiency. 
ML models—particularly unsupervised learning (e.g., k-
means, autoencoders) and supervised classifiers (e.g., 
Random Forests)—can be trained on historical machine 
health data to flag anomalies. When deviations from normal 
performance are detected, alerts are generated to replace 
specific components (e.g., blanket cylinder, ink duct blades, 
UV lamp units), thus: 
• Reducing unplanned downtime. 
• Avoiding emergency repair costs. 

• Optimizing spare parts inventory. 
 
This AI-enabled maintenance strategy ensures that 
machinery operates closer to peak efficiency and extends 
press lifecycle. 
 
Example: Heidelberg’s predictive monitoring system 
reports 25-30% reduction in unplanned downtime across 
commercial sheetfed operations using IoT data feeds. 
 
Ink Consumption Optimization 
Ink cost remains one of the most significant variable 
expenses in offset and digital printing. AI algorithms—
particularly neural networks and reinforcement learning 
models—enable ink optimization through two key avenues: 
• Image-Based Analysis: AI evaluates raster image files 

and applies Gray Component Replacement (GCR) and 
Under Color Removal (UCR) dynamically, optimizing 
CMY content where black ink can visually substitute 
color blends. This significantly reduces ink load while 
preserving print fidelity. 

• Color Correction Learning: Neural networks trained 
on substrate, press, and ink profiles perform prepress-
to-press color mapping, reducing reprints due to color 
mismatch. 

 
AI can adjust Total Area Coverage (TAC) without human 
intervention, and many AI-embedded RIPs (Raster Image 
Processors) now offer real-time ink estimation and saving 
reports. 
 
Outcome: Ink savings of 10-15% have been observed 
without perceptible quality loss, especially in high-volume 
packaging and commercial work. 
 
Substrate Waste Reduction 
Substrate (paper, board, film) waste in printing arises due to 
misregistration, color shift, ghosting, and print banding. AI-
powered vision systems, using high-resolution cameras and 
Convolutional Neural Networks (CNNs), monitor output in 
real time and detect these defects far faster than human 
operators. 
When defects are detected, AI feedback loops communicate 
with the press control system to: 
• Stop printing automatically or divert defective sheets. 
• Adjust plate-cylinder pressure, registration marks, or 

ink zone profiles. 
 
Over time, ML models learn press behavior patterns and 
proactively tune parameters to reduce error rates. Some 
systems even offer predictive estimates on how much paper 
to over-order based on job attributes. 
 
Outcome: Consistent substrate waste reduction between 20-
35% in AI-integrated print shops. 
 
Job Scheduling and Press Utilization 
AI is revolutionizing the complex task of job scheduling in 
print production. Unlike static ERP scheduling systems, AI 
models dynamically optimize production schedules in real 
time by evaluating: 
• Press configuration and changeover times. 
• Substrate availability and compatibility. 
• Run length and customer priority. 
• Operator skill and availability. 
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Reinforcement learning algorithms (e.g., Deep Q-Learning) 
reward decisions that minimize idle time and waste, while 
constraint-based solvers use historical datasets to resolve 
press bottlenecks. 
 
Key Benefits 
• Higher press utilization (up to 90-95% in optimized 

cases). 
• Reduced make ready and changeover costs. 
• Better adherence to delivery timelines. 
 
Some digital-first companies are now integrating job 
ganging and print layout nesting decisions into the AI 
scheduling layer. 
 
Estimation and Quoting Accuracy 
Cost estimation and job quoting traditionally rely on 
standard costing tables or manual inputs, often failing to 
account for job-specific nuances. ML models—especially 
regression models and ensemble methods like Random 
Forests—can be trained on historical job data (ink use, press 
hours, material yield, rejection rate) to deliver highly 
accurate cost predictions. 
Benefits include: 
• Automated job quotes based on real-time cost 

indicators. 

• Dynamic pricing models adjusting for paper and ink 
volatility. 

• Minimized risk of underquoting complex jobs. 
 
These systems improve cost recovery and pricing 
transparency in both B2B and B2C print segments. 
 
Supply Chain and Inventory Forecasting 
Material mismanagement—overstocking or under ordering 
of substrates, inks, and spare parts—adds hidden costs to 
print production. AI-based demand forecasting models 
(using time-series analysis, Long Short-Term Memory 
(LSTM) neural networks, etc.) can predict usage trends 
across: 
• Peak and off-season demand. 
• Campaign-based orders (e.g., election printing, 

textbook cycles). 
• Print-on-demand variability. 
 
AI systems generate purchasing triggers based on Just-In-
Time (JIT) principles, reducing warehouse load and 
improving cash flow management. Combined with vendor 
lead time data, AI can also recommend optimal reorder 
points. 
 
Impact: 15-20% reduction in dead stock and obsolescence 
observed in plants with AI-based material planning. 

 
Table 2: Comparison of Traditional vs AI/ML-Based Cost Control Methods in Print Production 

 

Function Traditional Method AI/ML Approach Cost Control Advantage 
Maintenance Time-based or reactive maintenance Predictive analytics using sensor data Avoids unplanned downtime 

Ink Optimization Manual GCR/UCR, RIP-based Real-time AI-driven GCR with image analysis Saves 10-15% ink per job 

Defect Detection Human visual inspection CNNs and deep learning for real-time 
inspection Reduces substrate waste by 20-35% 

Job Scheduling Static ERP-based rules Reinforcement learning for dynamic 
sequencing 

Minimizes idle time and 
changeovers 

Cost Estimation Manual quoting based on 
experience ML models trained on job history Improves margin accuracy 

Inventory 
Planning 

Historical reorder or manual 
tracking LSTM and time-series ML forecasting Reduces overstock/shortages 

 
Discussion 
The integration of Artificial Intelligence (AI) and Machine 
Learning (ML) into print production workflows has the 
potential to reshape the industry’s approach to cost control. 
As demonstrated through prior sections, AI introduces a 
spectrum of intelligent interventions—ranging from 
predictive maintenance to resource optimization—that allow 
printers to move from reactive to anticipatory decision-
making. This section discusses the typology of AI-enabled 
cost-saving mechanisms, the challenges facing industry 
adoption, return on investment (ROI) considerations, and 
the technological enablers facilitating real-time deployment. 
 
Cost-Saving Mechanisms: Preventive, Proactive, and 
Prescriptive 
AI cost control interventions in printing can be categorized 
into three broad mechanisms: 
• Preventive Mechanisms 

These rely on historical data and early-warning systems 
to avoid cost-inducing events. Examples include 
predictive maintenance using vibration sensors and ML 
classifiers that anticipate mechanical failure before 
downtime occurs. 

• Proactive Mechanisms 
Here, AI models optimize variables in real time, before 
cost inefficiencies arise. Ink optimization, adaptive 
color correction, and dynamic job sequencing fall into 
this category. These systems actively reduce ink 
consumption, minimize make ready time, and lower 
substrate wastage. 

• Prescriptive Mechanisms 
These represent the most advanced form of AI 
deployment, wherein the system not only predicts 
outcomes but also recommends or executes specific 
actions. AI-based job scheduling that automatically 
reroutes workloads across presses or real-time 
inventory planning that adjusts reorder quantities 
exemplify prescriptive applications. 

 
Together, these mechanisms enable a shift from control 
after cost escalation to continuous, intelligent cost 
governance. 
 
Challenges in Adoption 
Despite the proven benefits, several barriers hinder the 
widespread adoption of AI/ML in print production: 
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• Data Silos and Quality 
Many print organizations operate disparate systems for 
press control, ERP, MIS, and quality inspection. These 
silos prevent unified data collection necessary for 
training AI models. Furthermore, historical data is often 
incomplete or unstructured. 

• Integration with Legacy Systems 
Older presses and analog workflows lack standardized 
interfaces (e.g., OPC-UA) needed for real-time data 
exchange. Retrofitting these systems requires custom 
middleware or hardware upgrades, increasing initial 
costs. 

• Workforce Skill Gaps 
The implementation and maintenance of AI systems 
demand new skill sets—data engineering, algorithm 
tuning, and statistical literacy—that are currently scarce 
in traditional print operations. Training or recruitment 
becomes essential. 

• Cultural Resistance and Change Management 
Operational personnel may distrust algorithmic 
recommendations, particularly in environments where 
tacit knowledge and experiential decision-making 
dominate. Successful AI integration thus requires 
organizational change management and leadership 
support. 

 
ROI Considerations: Cost of AI vs Long-Term Savings 
Assessing the return on investment (ROI) for AI in print 
production is complex due to variability in operations, job 
types, and equipment. However, AI investments generally 
fall under: 
• CapEx (Capital Expenditure) 

Includes AI vision systems, press monitoring hardware, 
or scheduling software licenses. 

• OpEx (Operational Expenditure) 
Includes cloud subscriptions, data labeling, 
maintenance, and staff training. 

ROI can be calculated via: 
• Reduction in reprints and waste (% decrease in 

substrate or ink usage). 
• Increase in press utilization and uptime (productive 

hours gained). 

• Decrease in customer complaints, returns, or job 
rejections. 

• Reduction in human inspection or overtime labor costs. 
 
Most early adopters report breakeven within 12-18 months, 
with ongoing savings compounding over time. However, 
smaller printers may face difficulties justifying upfront costs 
without modular or cloud-based options. 
 
The Role of Cloud Platforms and Edge Computing 
Modern AI implementation is increasingly enabled by cloud 
platforms and edge computing infrastructure: 
Cloud Platforms (e.g., AWS, Azure, Google Cloud) 
• Facilitate scalable training of AI models using large 

datasets. 
• Offer plug-and-play AI tools for anomaly detection, 

image classification, and demand forecasting. 
• Enable centralized dashboards across multi-location 

print facilities. 
 
Edge Computing 
• Performs local inference and action-taking directly at 

the machine (e.g., vision systems on digital presses or 
analog retrofits). 

• Minimizes latency critical for real-time defect detection 
or safety intervention. 

• Reduces dependency on stable internet connections, 
improving resilience in production environments. 

 
A hybrid architecture—cloud for model training and 
analytics, edge for execution—is emerging as the ideal 
model for the print industry. 
 
Conclusion 
The application of Artificial Intelligence (AI) and Machine 
Learning (ML) in print production represents a 
transformative leap in the industry's approach to cost 
control. No longer confined to rule-based estimations or 
manual interventions, print facilities can now leverage real-
time data, predictive analytics, and self-optimizing systems 
to manage costs with far greater precision and agility. 

 

 
 

Fig 2: Chart showing cost saving using AI/ML in different areas 
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AI/ML technologies enable a shift from reactive cost 
management—responding to issues after they incur 
expenses—to proactive and prescriptive strategies that 
prevent inefficiencies before they manifest. From reducing 
ink consumption and substrate waste to minimizing 
unplanned downtime and optimizing press utilization, AI-
driven workflows consistently demonstrate measurable 
savings and operational gains. 
As depicted in the visual analyses above, implementation of 
AI across key domains can yield savings between 10% to 
35% depending on the process area. Furthermore, the 
increasing availability of cloud platforms and edge-based AI 
devices makes these technologies more accessible—even 
for mid-sized and smaller print organizations. 
The future of cost control in print production belongs to 
data-rich, intelligently automated environments. 
Organizations that embrace AI/ML integration not only gain 
immediate cost efficiencies but also position themselves for 
resilience, scalability, and competitiveness in a rapidly 
evolving print economy. The ability to harness operational 
data for intelligent decision-making will distinguish industry 
leaders from laggards in the years to come. 
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