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1.1  Introduction 

Printing technologies have undergone constant evolution over recent decades, driven in large 

part by the digital revolution, which has introduced a wide range of solutions for image 

reproduction [1]. With the rapid advancements in printing technology, the quality of printed 

product has significantly need to be monitored to meet the expectation of customers. In the 

printing industry, including sectors such as packaging, publishing, pharmacy, textile and 

commercial printing, print quality is of paramount importance. Defects in printing can 

significantly affect the appearance, usability, and functionality of the final product, potentially 

leading to customer dissatisfaction, financial losses, and harm to a brand's reputation. In critical 

industries like pharmaceuticals or food packaging, print defects can have even more severe 

consequences, such as incorrect labelling or faulty barcodes, which may compromise 

compliance, safety, and traceability. 

This thesis arises within a context where industries increasingly demand automated approaches 

for assessing quality of printed product. Printing quality refers to the overall visual and 

functional excellence of printed materials, determined by various technical and aesthetic 

factors. It plays a crucial role in meeting customer expectations, ensuring readability, enhancing 

visual appeal, and achieving the intended purpose of the printed product i.e. functionality of 

printed materials across various industries, from packaging and publishing to advertising.  
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Print defects are imperfections or irregularities that occur during the printing process, resulting 

in deviations from the intended print quality. These defects can manifest in various forms, such 

as scumming, misregistration, showthrough, color inconsistencies, or missing elements. The 

causes of these issues can range from mechanical failures, such as equipment malfunctions, to 

human errors like incorrect settings, poor material handling, or environmental factors. 

Moreover, Printing quality is influenced by multiple elements, including the characteristics of 

the printing substrate, ink formulation, printing process parameters, and environmental 

conditions [2]. The properties of the substrate, such as smoothness, porosity, gloss, and surface 

energy, play a significant role in determining how ink adheres and spreads to the substrate [3]. 

Smoother surfaces typically yield sharper images, while porous substrates may absorb ink 

excessively, reducing color intensity and uniformity. Similarly, ink characteristics, including 

viscosity, drying time, pigment concentration, and color stability, are essential for achieving 

print clarity, vibrancy, and smudge resistance. Ensuring proper ink formulation is crucial for 

achieving compatibility with the substrate and the selected printing process. Additionally, the 

settings of the printing process, such as speed, pressure, and temperature, critically impact the 

precision and consistency of the print. Variations in these parameters can result in defects like 

scumming, misregistration, showthrough, strikethrough, doubling etc. Environmental 

conditions, including humidity, temperature, and air circulation, further influence print quality 

[4]. For instance, high humidity can cause the substrate to absorb moisture, altering its 

interaction with the ink. Lastly, effective design and prepress preparation, such as high-

resolution artwork, accurate color calibration, and proper alignment, are fundamental to 

achieving the intended print quality. Together, these factors determine the overall success and 

visual appeal of printed materials.  

Even with modern printing technologies, checking print quality and finding defects can still be 

difficult. Current methods often use expensive tools like Spectrophotometer, Densometer 

Micrometer [5] [6], and rely on skilled operators to inspect prints manually, which takes time 

and costs a lot. These methods can also vary in accuracy because manual methods depend on 

human judgment, especially when defects are judged by eye assumption. As the conventional 

methods need a huge capital investment and also time constraints, they are unsuitable for high-

speed, large-scale production. These challenges show the need for better solutions that are 

easier to use, more reliable, less costly, and suitable for everyday print production. Given these 

limitations, there is a clear need for a modernized approach to print quality assessment and 

defect detection. Such an approach should address the shortcomings of conventional methods 
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by minimizing manual intervention, reducing costs, and delivering consistent and reliable 

results. Computer vision techniques offer a promising alternative to overcome these challenges. 

It involves the use of advanced algorithms to analyse and interpret visual data, providing a 

powerful tool for automated quality control in print production. 

This study investigates the potential of computer vision (CV) techniques as a cost-effective and 

efficient solution for print quality assessment and defect detection. By utilizing advanced 

algorithms to analyse and interpret visual data, Computer Vison offers a powerful tool for 

automated quality control in print production. Computer Vision systems can accurately detect 

and classify common printing defects with minimal human intervention, reducing variability 

caused by operator judgment. Unlike traditional qualitative methods, it provides objective and 

measurable evaluations of defects ensuring consistent and repeatable quality control. 

Additionally, Computer vision systems can analyse printed samples to identify correlations 

between defects and substrate or ink properties, offering valuable insights for optimizing the 

printing process. Once implemented, these systems not only can lower operational costs but 

also significantly enhance processing speed compared to conventional testing methods, making 

them an efficient and reliable alternative for the printing industry. 

 

1.2  Aim of the Thesis 

The primary goals of this research are focused on improving the efficiency and accuracy of 

print quality assessment and defect detection through the application of computer vision 

techniques. By automating the conventional process of defect detection, the research aims to 

reduce human intervention, making the entire process faster and more reliable. This shift 

towards automation can significantly enhance productivity while minimizing the chances of 

human error, offering more consistent and repeatable results. Additionally, the research seeks 

to develop methods that are both cost-effective and time-efficient, without compromising on 

the quality or precision of the print assessments. By focusing on techniques that can be 

implemented with minimal resources, the study aims to make these advanced methods 

accessible to a wider range of printing operations, contributing to the overall optimization of 

the industry. Furthermore, the integration of a mobile-based approach allows for more flexible 

and on-the-go monitoring of print quality, making the system easier to deploy in diverse 

settings and ensuring that quality control can be performed remotely, offering significant 

advantages in terms of convenience and scalability. 
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By addressing these objectives, this research seeks to contribute to the advancement of print 

production quality control. It aims to demonstrate the feasibility and effectiveness of computer 

vision technologies as a transformative tool for the printing industry, paving the way for 

enhanced efficiency, reduced costs, and improved print quality in diverse applications. This 

study represents a significant step toward modernizing traditional practices, ensuring 

consistency and reliability in print production, and driving innovation in quality assessment 

methodologies. 

 

1.3  Scope of the Thesis 

In order to achieve a problem-free, high-quality printed output, it is essential to control various 

parameters throughout the printing process. Numerous technical factors play a crucial role in 

determining the quality of the final product. These include the properties of the ink, the 

characteristics of the substrate, the precision of press settings, and the management of 

environmental conditions such as temperature and humidity. Each of these elements must be 

carefully monitored and adjusted to minimize defects and ensure consistent results. Such 

careful control not only enhances the visual and functional appeal of the printed material but 

also ensures efficiency and cost-effectiveness in the printing process. Each printing defects or 

quality issues have its own unique characteristics, and vary significantly depending on the 

printing mechanism in use. Even within a single printing process, achieving consistent and 

high-quality results poses considerable challenges. This is because factors such as the printing 

substrate, ink properties, and other process parameters change based on the specific job 

requirements. To solve a specific printing problem effectively, it is important to control the 

parameters that directly influence that issue. However, the factors affecting one problem may 

be different from those impacting another, so each issue requires its own tailored approach. 

Additionally, early and quantitative detection of print defects can accelerate to resolve issues, 

allowing production to resume more quickly. 

Currently, in presses, the detection of print problems heavily depends on human expertise and 

efficiency. However, manual detection introduces variability and delays, which leads to 

increasing waste and higher production costs. If print problems could be detected automatically 

and in real time, corrective measures could be implemented immediately, making the printing 

process more cost-effective and efficient. This study aims to detect certain print defects and 

assessment of quality parameters using computer vision (CV) techniques. Computer vision, an 
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advanced and rapidly growing field, employs image processing and machine learning 

algorithms to analyse and interpret visual data. It offers promising applications in automating 

the detection of print defects and the assessment of print quality. Each print issue or quality 

parameter is unique in its nature and requires a customized approach. So, there are scope of 

utilizing different image processing operations namely Histogram Equalization, Discrete 

cosine Transform, Thresholding, Structural similarity index measurement, Automated bit plane 

selection etc. for detection of different print defects. Whereas for prediction and classification 

of quality parameters, CNN, DNN, RNN, Logistic Regression, Support Vector Regression, 

Random Forest etc. can be employed. For this study, the offset printing process has been 

selected, given its widespread use and versatility in producing printed materials. 

There are many print problems and quality parameters to consider, each with its own unique 

set of challenges. The study focuses on identifying specific print problems such as scumming, 

show-through, strike-through, misregistration, and doubling, along with evaluating quality 

parameters like contrast and density. Each of these issues or parameters has distinct 

characteristics, necessitating different computational techniques for detection or prediction. To 

address defects, image processing-based detection algorithms are employed. For quality 

assessment, machine learning methods are utilized to predict quality metrics. This dual 

approach highlights that, defect detection and quality assessment are interrelated processes. 

Minimizing defects directly correlates with improved print quality. In this study, computer 

vision-based image processing techniques are developed and applied to detect each selected 

print problem effectively. Similarly, the quality parameters are predicted using machine 

learning models that are specifically designed for this purpose. 

By integrating these technologies, the study demonstrates how automation can enhance the 

efficiency and accuracy of defect detection and quality assessment in offset printing. The 

findings emphasize that computer vision and machine learning can be tailored to address 

specific print issues and quality metrics, enabling a significant advancement in the printing 

industry. Additionally, the ability to consistently produce high-quality prints while reducing 

costs and minimizing reliance on manual inspection is a key benefit of computer vision-based 

methods. By automating defect detection and quality control, these technologies enhance 

efficiency, ensuring consistent output and faster response times to quality issues. This reduces 

the need for human intervention, lowers operational costs, and improves overall productivity 

in the printing process. This approach paves the way for a more efficient and reliable printing 

process, meeting the growing demands for precision and quality in printed materials. 
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2.1 Introduction  

This chapter compiles and presents the key studies conducted in this field, as documented in 

the existing literature till date. This survey provides a concise overview of the most relevant 

and significant studies for convenient reference. A survey has been conducted in the field 

related to the presented work. The details of the investigation are outlined as follows. 

 

2.2 Review of Previous Investigations 

2.2.1 Review on Print Quality 

Some interesting and relevant works conducted in the field of print quality are investigated and 

described.  

J.Heilmann et al. [7] in (1999) investigated significance of Paper Properties on Print Quality 

in CIJ Printing. They examined the relationship between a high-speed continuous inkjet system 

and the printing substrate. Various dense surfaces with distinct topographies were analyzed to 

assess the effects of droplet impact and spreading without capillary penetration. Additionally, 

commercial papers were evaluated to determine the performance potential of existing grades 

and identify key performance parameters. A laboratory-scale testing setup was utilized for 

high-speed imaging of inkjet droplets, allowing the observation and analysis of their impact, 
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spreading, absorption, and drying behaviours over time scales ranging from microseconds to 

several minutes. An advanced image analysis system, specifically designed to evaluate print 

quality in non-impact printing techniques, was used to assess the technical performance of the 

samples.  

Another investigation in (2009) had been done by Yankai et al. [8] on Print Quality Assessment 

and Identification. This study focused on feature extraction from printed edges and assesses 

edge roughness using the Local High-Order Correlation (LHOC) method. A specialized 

magnified image acquisition system was designed to capture edge roughness with clarity. 

Correlation spectrums of various orders were utilized to quantify the degree of roughness.  

K.H Thung et al. [9] in (2010) surveyed image quality a comprehensive literature review of 

existing subjective and objective image quality measures, categorizing them based on their 

strategies and techniques. 

Yanfang et al. [10] in (2011) developed a model to quantitatively evaluate the perceived 

sharpness of black text in digital prints. three key attributes—contrast, edge raggedness, and 

line width—were identified as indicators of text sharpness. A linear model was established by 

linking these attributes with subjective evaluations. Results show that contrast and line width 

positively correlate with perceived sharpness, while edge raggedness has a weaker negative 

correlation. 

Liu et al. [11] in (2012) did a study based on measurement of density by controlling printing 

ink volume. The findings established a functional relationship that can serve as a mathematical 

model for automatic ink volume control.  

Zhang et al. (2012) [12] did research to examine the growing demand for high-quality printing 

and industry standards like ISO, G7, and SWOP. It explored how printing enterprises can meet 

these standards while enhancing efficiency and profitability using the PressSIGN quality 

inspection system for intelligent and cost-effective print standardization.  

Baar et al. (2013) [13] surveyed on image quality assessment for 2.5D and 3D prints, focusing 

on the challenges of evaluating relief and glossiness in multi-layered prints. While 2D image 

quality metrics were well-studied, metrics for relief prints remain undefined. This survey 

explored existing quality assessment methods for 3D prints, objects, simulations, and television 

to inform future metrics for relief print evaluation. 
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R. Kumar et al. [14] in (2013) proposed a novel image quality assessment method using phase 

congruency and gradient magnitude to improve accuracy in evaluating distorted images (e.g., 

white noise, Gaussian blur, JPEG2000 compression). The method outperformed traditional 

approaches by better aligning with human visual perception. Additionally, an image 

information measure was introduced to quantify the reference image's information and its 

extraction from distorted images. 

Zhang et al. [15] in (2016) researched to enhance quality detection in the plate-making product 

line, a Simplified Homocentric Square Filter (SHSF) was proposed and implemented using 

machine vision technology. A hardware platform comprising a camera, lens, light source, and 

encoder was first designed to capture high-quality images. The SHSF was specifically 

developed based on the characteristics of common defects and their backgrounds to enable 

automatic defect detection from the acquired images. Multiscale analysis was employed to 

identify defects of varying sizes, and by combining SHSF with multiscale analysis, nine types 

of defects were successfully detected. Additionally, the Integral Image Technique (IIT) was 

integrated with the filter to enable real-time processing.  

Schirmer et al. (2018) [16] presented a novel approach to print quality assessment using image 

processing and statistical methods for objective evaluation. It introduced techniques for 

measuring line spacing, width, and outline homogeneity, with validation on screen-printed 

conductors. The study aimed to develop methods suitable for different materials and future 

inline quality control. 

Yi Wang et al. [17] researched on the influence of paper surface in digital printing quality in 

(2019). The quality of printed matter is significantly influenced by paper performance. This 

study explored the relationship between paper surface properties and digital printing quality 

using five types of paper. Key factors such as whiteness, gloss, smoothness, Lab* color gamut, 

solid density, and relative contrast were measured to analyze their impact on printing quality. 

A mathematical model was developed to establish the relationship between paper performance 

and digital printing quality, highlighting the influence of these properties on overall printing 

outcomes.   

Wang et al. (2021) [18] researched to explore the integration of GATF and G7 printing 

standardization processes for improved offset quality control. A test version was redesigned for 

offset magazines, printed using Heidelberg SM74 with and without compensation. The 
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measured data were analysed to assess the control effectiveness and characteristics of both 

processes. 

Angelov et al.  (2022) [19] explored automated print quality control using deep learning for 

image comparison. A convolutional autoencoder, combined with data augmentation and 

clustering, was proposed to assess print quality by comparing input and printed images, 

enhancing fault detection beyond traditional histogram and statistical methods.  

S. Kumar et al. [20] (2022) did a study on print quality factors like hue error, print contrast in 

piezoelectric inkjet press on matt coated and gloss coated cellulosic substrates.  

Wang et al. (2024) [21] presented a research work that explores machine learning techniques 

to optimize infill quality in 3D printing by improving structural integrity and print performance. 

By analysing key parameters like speed, acceleration, and material use, the study enhanced 

quality control, predicts mechanical performance, and reduces calibration time, leading to more 

efficient and sustainable manufacturing. 

 

2.2.2 Review on Defect Detection 

Some interesting and relevant works conducted in the field of defect detection are investigated 

and described.  

Townshend et al. [22] in (1992) worked on the impact of misregistration on change detection. 

This study evaluated the impact of image misregistration on detecting land cover changes using 

spatially degraded Landsat MSS images and simulated NDVI at MODIS resolutions of 250 

and 500 m. Experiments showed that even subpixel misregistrations can cause significant 

errors, with finer spatial frequencies being more affected.  

X.Dai et al. [23] in (1998) investigated the impact of image misregistration on the accuracy of 

remotely sensed change detection using Landsat TM imagery. The study evaluated the effects 

through two components: (1) analysing the statistical properties of multispectral difference 

images with semi variograms under progressive misregistration to assess sensitivities to band, 

temporal, and spatial frequencies, and (2) proposing an ellipsoidal change detection technique 

based on Mahalanobis distance to detect land cover transitions at each misregistration stage.  

Mitropulosa et al. [24] in (1999) conducted research on real-time pilot system for detecting and 

classifying defects in web textile fabric. A comprehensive hardware and software platform was 



 

 

10 Ph.D. Thesis Submitted by: Jayeeta Saha 

Chapter 2 Review of Previous Works 

developed to address this issue, incorporating a novel and effective method for defect detection. 

The proposed method performed well in identifying low-contrast defects under real industrial 

conditions, where various types of noise were commonly present. For defect classification, an 

artificial neural network trained with a back-propagation algorithm was employed. By utilizing 

a reduced number of defect categories, the system achieved consistent, repeatable results with 

high processing speed. 

Kumar et al. [25] in (2002) published an article about the use of morphological (MO) methods 

for detecting defects on textured surfaces by employing neural networks and support vector 

machines (SVMs). Each pixel in the inspection image was represented by a feature vector, 

which quantifies the local homogeneity of the texture. These feature vectors, derived from the 

gray-level patterns of neighbouring pixels, were transformed into eigenspace using Principal 

Component Analysis (PCA). A classifier was trained using the transformed features from a 

predefined set of training images. This trained classifier was then applied to categorize every 

pixel in the inspection image into two classes: MO-class (defect or no-defect).  

H.Wang et al.[26] in (2005) had done a work on how Positional errors affect the accuracy of 

image misregistration error in change measurements. Positional errors affect the accuracy of 

landscape change measurements using high-resolution imagery (~1 m), influenced by error 

magnitude, landscape heterogeneity, and detection resolution. This study compared maps from 

1 m Ikonos imagery of rural China and 0.3 m aerial photos of suburban U.S., finding that errors 

increase with higher positional errors, greater heterogeneity, and finer resolutions. Regression 

analysis identifies the minimum detection window size needed for accurate measurements, 

highlighting the importance of determining the "optimal change detection resolution" for 

reliable ecological analysis. 

Oztana et al. [27] in (2005) had done quantitative evaluation of misregistration induced color 

shifts in color halftones. This study explored how average color changes in two-color halftoned 

images as misregistration distance varies. Using simulations and print measurements with dot-

on-dot/dot-off-dot and rotated dot screen configurations based on a spectral Neugebauer model, 

the findings revealed that dot-on-dot/dot-off-dot patterns show significant color shifts, while 

rotated dot screens exhibit minimal shifts under ideal conditions.  

Niel et al. [28] in (2008) did a study on the impact of sub-pixel misregistration on image 

differences between Shuttle Radar Topography Mission (SRTM) data and other Digital 

Elevation Models (DEMs). Misregistration was introduced systematically into SRTM data, and 
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findings showed that: (1) misregistration caused a strong, erroneous correlation between 

elevation differences and aspect; (2) the misregistration's direction defined the pattern of these 

errors; (3) for sub-pixel misregistration, errors equalled or exceeded actual elevation 

differences in large portions of the landscape and (4) steeper terrain amplified these effects. 

These results indicate that even sub-pixel misregistration introduces significant biases in DEM 

comparisons, likely common in any DEM analysis. 

Fucheng et al. [29] in (2009) researched and proposed a machine vision-based method for 

detecting printing image defects, supported by an experimental system. The method 

successfully identified common defects such as filar defects, zonal defects, punctuate defects, 

and block defects, demonstrating its practicality and potential for broader application. 

Yong et al. in (2009) [30] investigated how spectral variations in illumination affect print defect 

classification accuracy across different color spaces when a color camera cannot adjust to 

changing lighting. Simulated changes in correlated color temperature were applied to test 

images, and percentile features were used to identify defective areas on printed surfaces. 

Results showed that the RGB color space performs best under varying illumination, followed 

by the XYZ and CIELuv spaces. Interestingly, some color space features perform worse than 

those derived from grey-level images. 

Liu et al. [31] in (2010) proposed a method to reduce registration noise effects in change 

detection by processing registered images. Using a pixel-level misregistration map and image 

gradients, a Thin Plate Spline (TPS) transform estimated misregistration at each pixel with tie 

points. Compensation includes a spatial correction for registration errors and an intensity 

adjustment based on subpixel misregistration and local gradients. The method's performance 

was validated with IKONOS panchromatic and multitemporal multispectral images across 

three change detection techniques: modified image difference, PCA, and image ratio 

In (2010) S.H Indera et al. [32] introduced a hybrid defect detection and classification system 

for bare single-layer PCBs by combining methodologies i.e. morphological image 

segmentation algorithm and basic image processing theories, the system detected defects from 

grayscale, single-layer, computer-generated PCB images.  

In (2011) Bouchot et al. [33] presented a novel algorithm for automatic fault detection in 

textured images. The method addressed the problem of identifying defects in regularly textured 

patterns using a template matching approach. Specifically, the algorithm registers patches of 

the input image to a defect-free reference sample through allowable transformations. A key 
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innovation was the introduction of the discrepancy norm as a fitness function, which exhibits 

desirable properties such as monotonicity and Lipschitz continuity. The proposed method used 

only a few parameters, making it highly adaptable for industrial applications while eliminating 

the need for complex configuration tuning.  

Ding et al. [34] in (2012) had worked on feature image mosaicing to reduce misregistration. 

They proposed a method that reduces misregistration by applying geometric constraints known 

as trilinearity. 

Q.C Hsu et al. [35] in (2012) proposed Image-Based Inspection System for Detection of Glass 

Substrate's Edge Defects. They introduced a new, high-efficiency apparatus for panel-edge 

inspection. Using image subtraction, binary thresholding, and blob-analysis methods, defects 

were categorized into three types: fractures, cracks, and dark spots. The proposed system 

enhanced the efficiency of panel-edge inspections for manufacturers, improving production by 

over 40% and addressing bottlenecks in the panel industry. 

Kaur et al. [36] in (2014) presented a method for detecting and classifying defects in printed 

circuit boards (PCBs) using image subtraction, one of the simplest techniques for PCB defect 

inspection. The study identified and classified defects such as missing holes, over- and under-

etching, incorrect hole sizes, missing conductors, and broken lines. 

S. Chauhan et al. [37] had done a comparative analysis of print defects in news paper printing 

in (2016). This research focused on identifying printing defects in national Hindi and English 

newspapers to address this challenge. 

S. Langkam et al. [38] in (2017) proposed a dual estimation approach for removing the show-

through effect in the scanned documents. This paper proposed a state-space-based method to 

eliminate this common issue in duplex-printed document scans. The approach defined separate 

state-space representations for signals and parameters and uses a dual state-parameter 

estimation method. This involved running two Kalman filters simultaneously: a Kalman state 

filter for estimating states and a Kalman parameter filter for estimating parameters.  

Zhou et al. [39] in (2017) introduced an automatic inspection system based on computer vision 

to detect defect of printing images on Cans based on SSIM and Chromatism. A comprehensive 

printing detection hardware system was developed, incorporating automatic image acquisition 

and high-precision image registration. The proposed system featured a geometric defect 
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detection method based on SSIM and a color defect detection algorithm using the CIEDE2000 

color difference formula.  

Zhang et al. [40] in (2017) proposed a One-Class classifier based on a deep convolutional 

neural network (CNN) for defect detection. The CNN was trained using a specially designed 

loss function that incorporates a penalty term based on Euclidean distance. A hypersphere was 

employed as the classification decision surface, with its radius adjusted according to inspection 

accuracy. Non-defective product images were mapped within the hypersphere in a high-

dimensional feature space, while defect images were mapped far from the hypersphere's center. 

This approach established a One-Class CNN classifier for effective defect detection.  

Ghosh et al. [41] (2018) presented a transfer learning approach for classifying PCB images into 

True Defect and Pseudo Defect categories using a pre-trained Inception-V3 model. Mid-level 

image representations train an adaptation network, with regularization techniques preventing 

overfitting. Experimental results on real-world PCB images showed improved classification 

accuracy of 91% over previous methods.  

In (2018) Karthik et al. [42] studied on printing defect identification in pharmaceutical blisters 

using image processing. The objective of this study was to detect printing defects on 

pharmaceutical tablets from the manufacturing line using advanced image processing 

techniques. The printed labels on the tablets contain critical information such as chemical 

composition, date of manufacture, date of expiry, and manufacturing location. Images of these 

labels were captured and processed using specialized image processing algorithms to identify 

any defects prior to dispatch. The analysis focused on common printing defects, including 

missing letters, words, lines, and misalignment issues. By employing the Euclidean distance 

method for comparison, the system achieved a 95% accuracy rate in identifying and removing 

tablets with printing defects. 

S.Langkam et al. [43] in (2018) presented a multiple model Kalman filter method for 

showthrough cancellation. They proposed a dual estimation approach to address show-through 

by leveraging both the recto and verso sides of the document. The approach assumed that the 

degradation arises from the linear mixing of the recto image with the horizontally flipped verso 

image, and vice versa. A state-space model was formulated to represent show-through and 

estimate the clear recto and verso images. Multiple Kalman filters were employed to perform 

state estimation and handle unknown parameters in the model.  
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Yi Wang et al. [44] in (2021) explored algorithms for detecting print defects to improve 

accuracy and efficiency. It addressed image preprocessing by studying denoising and graying 

techniques to reduce noise and information loss. A cross-correlation algorithm was used for 

image registration to correct positional mismatches. Defect detection employs image 

binarization with the maximum cumulative variance threshold method, morphological 

processing, and the image difference method. For classification, defects were categorized into 

point, line, and surface defects using a BP neural network. These methods aimed to enhance 

printing defect detection and classification performance. 

Li et al. [45] presented a method in (2022) about deep learning-based method for detecting 

printing defects, capable of classifying defects into five categories. Experimental results 

demonstrated that the proposed method achieves accuracy, precision, and recall rates exceeding 

96%. 

J. Li et al. [46] (2023) proposed a deep learning-based method for printing defect detection, 

addressing class imbalance where normal samples and dirty points dominate other defect types. 

A warp-based bundled homography model was also introduced to enhance registration 

accuracy, improving defect detection efficiency.  

Liu et al. [47] in (2023) introduced an improved YOLOv5 method incorporating a Coordinate 

Attention mechanism into its feature extraction network to detect five types of printing defects. 

Experimental results showed the method achieves a 91.7% mAP, a 0.9% improvement over the 

baseline YOLOv5s, meeting industrial production requirements effectively. 

Qi et al. (2024) [48] had done research on defect detection in printing barcode area based on 

machine learning. This paper focused on detecting defects in non-flat printed barcode areas on 

glass bottles, addressing a gap in current research. The barcode area was divided into two parts: 

the barcode and the characters. For barcode defects, support vector machines (SVM) were used 

for feature extraction and classification, while character quality was evaluated using a gray 

projection method to generate quality scores.  

 

2.2.3 Review on Image Processing Techniques 

Some interesting and relevant works conducted in the field of Image Processing Techniques 

are investigated and described.  
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Lee et al. [49] in (1990) had done a comparative performance study of several global 

thresholding techniques for segmentation. It was conducted on five global thresholding 

algorithms for image segmentation using a diverse image database. Histogram distributions 

were varied by adjusting object size and the mean difference between object and background. 

Performance was evaluated using criteria such as error probability, shape, and uniformity, 

including tests on noisy images. Results showed that most algorithms perform well on bimodal 

histograms but fail when the object-to-background pixel ratio becomes extreme. Performance 

was found to be data-dependent, with analysis provided for each algorithm based on the 

evaluation measures. 

M. Beauchemin et al. [50] proposed an adaptive filter to reduce artifacts caused by image 

registration in (2005). This technique uses a centre-weighted median filter, where the central 

pixel's weight varies spatially based on local heterogeneity in the original images. The method's 

performance is demonstrated using a subset of multitemporal Landsat TM images. 

Du et al. [51] in (2011) introduced a dynamic threshold edge-preserving smoothing (DTEPS) 

segmentation algorithm based on histogram analysis for anterior chamber OCT images. The 

algorithm defined two thresholds: the region of interest discrimination threshold (ROIDT) to 

identify the region of interest (ROI) and the noise threshold (NT) to detect noise within the 

ROI. ROIDT and NT were determined using the first-order and second-order differences of the 

smoothed histogram. To refine segmentation, basic mathematical morphology and median 

filtering were applied for denoising, while the Kirsch edge detection operator was used to 

identify the edges of the denoised anterior chamber OCT image. The proposed DTEPS 

algorithm's performance is evaluated against a global maximum variance threshold (GMVT) 

segmentation algorithm.  

T. Kiran et al. [52] in (2011) introduced a novel method for segmenting pulmonary parenchyma 

using the bit-plane slicing technique. In the proposed approach, the original image was 

binarized through bit-plane slicing, and the optimal binarized image was selected from the 

resulting set. After binarization, labeling was performed, and the area of each label was 

calculated to generate the next level of the binarized image. Subsequently, a boundary tracing 

algorithm was applied to refine the binarized image. The outlined steps enable the automatic 

extraction of the lung region.  

Patel et al. [53] in (2016) studied image registration of satellite images with varying 

illumination level using hog descriptor-based surf. This study addressed this issue by 
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combining Histogram of Oriented Gradient (HOG) with Speeded-Up Robust Feature (SURF). 

Illumination variations could cause incorrect matches with SURF alone, reducing registration 

accuracy. Using HOG as a descriptor in SURF minimizes these incorrect matches. Simulations 

with satellite images demonstrate improved correct matching rates with this combined 

approach. 

R. Boda et al. [54] in (2016) analysed performance of four segmentation method Active 

Contour Method (ACM), Gray Threshold Mechanism (GTM), Sobel Gradient Method (SGM), 

and Watershed Transform (WST) for noisy MRI images. Performance metrics such as Mean 

Square Error, Peak Signal-to-Noise Ratio, Entropy, and processing time were computed and 

compared.  

Y. Cheng et al. [55] did a study on image segmentation technology and its application in digital 

image processing in (2021). This paper explored image segmentation methods, including 

thresholding, clustering, and edge detection. It focuses on applying these methods to road 

image extraction, achieving promising results. Additionally, the study highlighted the 

applications of image segmentation in areas such as automatic license plate recognition, 

biomedical engineering, remote sensing, and fire detection. 

Jianqing et al. [56] in (2022) proposed an image segmentation method for banana leaf disease 

image with complex background. To address the complexity of banana leaf disease images, a 

segmentation method combining color segmentation, Otsu segmentation, and area thresholding 

was proposed. 

 

2.2.4 Review on Discrete Cosine Transform (DCT) 

Some interesting and relevant work about application of DCT algorithm are investigated and 

described.  

Sharma et al. [57] in (2011) proposed image retrieval technology aims to retrieve images based 

on DCT color coefficients. This approach used the DCT to retrieve similar images efficiently. 

It employs the YCbCr color model to decouple color components, transforms them into DCT 

coefficients, and reduced bit usage by dividing each coefficient by a constant quantization 

matrix and rounding to the nearest number. These processed coefficients were then used for 

similarity measurement. 
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N. Frid et al. [58] in (2013) had studied on acceleration of DCT transformation in jpeg image 

conversion. This paper compared alternative implementations of the DCT transformation 

algorithm, based on the IEEE 1180 standard, on FPGA development boards like Spartan-3E 

and Virtex-5 with a 32-bit MicroBlaze™ soft-core processor. Three implementation cases were 

presented: a software-based AAN algorithm, an FPGA IP-core that accelerates the standard 

DCT algorithm, and an FPGA IP-core implementing the AAN algorithm.  

N. A. Abu et al. [59] in (2015) proposed a psychovisual threshold-based approach for image 

compression, optimizing quantization values using large discrete cosine transform (DCT) 

image blocks. The psychovisual threshold reflects human visual sensitivity to frequency 

components, guiding the quantization process to reduce encoded transform coefficients while 

preserving image quality. By automating the generation of quantization tables, this method 

significantly improves image quality and reduces artifacts.  

X. Fu et al. [60] in (2015) proposed a method of image rotation using DCT transformation. In 

this paper, a novel image rotation method was proposed. This method takes out an n × n block 

around the point which is the nearest integer point around the unknown point and performs 2-

dimensions DCT transformation in the block to obtain the frequency domain information, then 

interpolate the unknown pixel by performing its 2-dimensions IDCT in the n × n block.  

Pang et al. [61] in (2019) proposed a method for signal and image compression using quantum 

discrete cosine transform. This paper introduces a quantum DCT (QDCT) algorithm with 

significantly lower complexities to efficiently compute and identify significant DCT 

coefficients, improving performance over Grover’s original method. The proposed QDCT-

based image compression technique demonstrates superior efficiency, enabling its application 

in quantum signal and image processing tasks. 

 

2.2.5 Review on Histogram Equalization  

Some relevant works about histogram equalization application are investigated and described.  

In (2012) S.Muniyappan et al. [62] presented a novel approach for image enhancement by 

using contrast limited adaptive histogram equalization method where  Contrast Limited 

Adaptive Histogram Equalization (CLAHE) method was used to improve image contrast, 

particularly in medical imaging. They proposed a general framework based on adaptive 
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histogram equalization and demonstrate its effectiveness compared to other contrast 

enhancement techniques. 

Kong et al. [63] in (2013) studied and presented a literature review on histogram equalization 

and its variations for digital image enhancement.  This paper provided an overview of several 

HE-based methods, which can be broadly categorized into three main groups: Mean Brightness 

Preserving HE (MBPHE), Bin Modified HE (BMHE), and Local HE (LHE). 

K.Santhi et al. [64] researched on contrast enhancement of bi-histogram equalization with 

neighborhood metrics in (2013). Contrast enhancement is vital in image preprocessing, with 

histogram equalization being one of the most widely used methods. However, traditional global 

histogram equalization can sometimes lead to excessive visual deterioration. To address this, a 

novel method called Contrast Enhancement of Bi-Histogram Equalization with Neighborhood 

Metric (CEBHE) was proposed. CEBHE improves upon traditional bi-histogram equalization 

by dividing large histogram bins (which cause washout artifacts) into sub-bins using 

neighborhood metrics that consider neighboring pixel information. The original image's 

histogram was split into two sub-histograms based on its mean, and each sub-histogram 

undergoes independent equalization using a refined histogram approach, resulting in a flatter 

histogram. CEBHE effectively enhances local contrast while preserving image brightness.  

Patel et al. [65] presented a comparative study on histogram equalization technique for image 

enhancement in (2013). This paper reviewed HE techniques and evaluates them using metrics 

such as Absolute Mean Brightness Error (AMBE), Peak Signal-to-Noise Ratio (PSNR), 

Structural Similarity Index (SSI), and Entropy. 

Senthilkumaran N et al. [66] in (2014) presented histogram equalization for image 

enhancement using MRI brain images. This study compared Global Histogram Equalization 

(GHE), Local Histogram Equalization (LHE), Brightness Preserving Dynamic Histogram 

Equalization (BPDHE), and Adaptive Histogram Equalization (AHE) using various objective 

quality measures to evaluate their effectiveness in enhancing MRI brain images. 

Mustafa et al. [67] in (2018) reviewed histogram equalization techniques for image 

enhancement, which is a fundamental process in image analysis, aiming to improve image 

quality for specific applications. Numerous contrast enhancement techniques had been 

developed to enhance image quality while minimizing computational complexity and memory 

usage. This paper focused on image enhancement methods based on Histogram Equalization 

(HE), providing a comprehensive review of existing studies. It highlighted the advantages and 
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limitations of each method and suggests future directions for developing advanced 

enhancement techniques. This work aimed to guide researchers in designing more effective 

image enhancement approaches. 

 

2.2.6 Review on Structural Similarity Index Measurement (SSIM)  

Some relevant work related to the application of SSIM algorithm are investigated and 

described.  

In (2004) Wang et al. [68] worked on traditional objective methods for assessing perceptual 

image quality focus on quantifying the visibility of errors (differences) between a distorted 

image and a reference image by leveraging known properties of the human visual system. 

Assuming that human vision was highly adapted to extract structural information from a scene. 

They proposed an alternative, complementary approach based on the degradation of structural 

information. As a concrete example, they introduced the Structural Similarity Index (SSIM) 

and evaluate its effectiveness through intuitive examples and comparisons with subjective 

ratings and state-of-the-art objective methods.  

A.Horé et al. [69] (2010) analysed two widely used objective image quality metrics: Peak 

Signal-to-Noise Ratio (PSNR) and Structural Similarity Index Measure (SSIM) . It established 

a simple mathematical relationship between them, applicable to various image degradations 

such as Gaussian blur, additive Gaussian white noise, and JPEG/JPEG2000 compression. Tests 

conducted on images from the Kodak database provide insights into the similarities and 

differences between PSNR and SSIM. 

G Dauphinl et al. [70] in (2010) presented a new framework to compare three widely used 

metrics: Peak Signal to Noise Ratio (PSNR), Visible Differences Predictor (VDP), and Mean 

Structural Similarity index (SSIM). While VDP and SSIM align with Weber's law, studied 

using uniform color spaces like CIE-Lab* suggested a different photometric invariance law. 

This paper established this new law and uses numerical simulations to test whether quality 

metrics comply with it. 

Sara et al. [71] in (2019) had done image quality assessment through FSIM,SSIM,MSE and 

PSNR with a comparative study. Experiments on denoising with benchmark images showed 

that SSIM and FSIM align with human perception better than MSE and PSNR. Unlike MSE 
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and PSNR, SSIM and FSIM were normalized and provide semantic, saliency-based insights, 

making them more intuitive for image quality evaluation. 

Ahmed et al. [72] in (2019) proposed a method for satellite images features extraction using 

phase congruency model exploring its advantages and limitations. Additionally, two smoothing 

algorithms were employed to enhance the feature extraction process. 

P. Anandababu et al. [73] in (2019) presented a paper on structural similarity measurement with 

metaheuristic algorithm for content-based image retrieval. This paper introduced an efficient 

feature extraction method, utilizing a feature set containing color signatures that incorporate 

both shape and color features extracted from the QI. Similarity measurements were performed 

using a genetic algorithm with iterated local search, and validation is conducted using the 

Structural Similarity (SSIM) measure to assess differences between the QI and retrieved 

images. 

Xia et al. [74] in (2019) proposed SSIM-NET, a novel two-stage defect detection algorithm. 

First, they utilized the structural similarity index (SSIM) to identify suspicious regions, making 

the process more robust to factors like illumination changes and camera noise. Second, they 

employed the lightweight MobileNet-V3 backbone with a binary focal loss to efficiently 

classify these regions, reducing computational cost. This approach achieved state-of-the-art 

accuracy and speed, outperforming Faster-RCNN with at least 12× faster performance and no 

accuracy loss. 

 

2.2.7 Review on Euclidean and Manhattan Distance Measurement  

M. D. Malkauthekar [75] in (2013) did an analysis of euclidean distance and Manhattan 

Distance measure in face recognition. This study used PCA for feature extraction and compares 

two distance metrics—Manhattan (L1) and Euclidean (L2)—for measuring similarity in image 

retrieval. Using facial images of three subjects with varying expressions and angles, 

experiments reveal that the Manhattan distance outperforms the Euclidean distance in 

classification accuracy. 
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2.2.8 Review on Machine Learning 

Some interesting and relevant works conducted in the field of machine learning are investigated 

and described.  

Chao-ying et al. [76] wrote an article in (2002) about the logistic regression analysis 

techniques. It outlines essential tables, figures, and assumptions for comprehensive result 

assessment and demonstrates the preferred application pattern with a data set example. 

Maher Maalouf [77] in (2009) had given an overview on logistic regression in data analysis. 

This paper provided an overview of key aspects of LR from an algorithmic and machine 

learning perspective, emphasizing its application to imbalanced and rare event data in data 

analysis. 

Xia et al. [78] in (2017) presented flower classification using the Inception-V3 model with 

transfer learning on the TensorFlow platform. By overcoming challenges like background 

complexity and species similarity, the approach significantly improves classification accuracy 

compared to traditional feature-based methods with 94 and 95% accuracy. 

Mittal et al. (2018) [79] did the study by employing the Inception-V3 model to break image-

based CAPTCHAs, achieving over 91% accuracy on a real Facebook CAPTCHA dataset. The 

results highlight vulnerabilities in modern CAPTCHA systems, emphasizing the need for more 

robust human verification methods. 

Chen et al. [80] in (2019) proposed a CNN-based classifier leveraging image bit-plane slicing 

to enhance recognition accuracy for breast cancer image classification. Each texture image is 

decomposed into eight bit-plane images, with each bit-plane capturing different levels of detail 

and texture features. They evaluate the classification performance of individual bit-planes as 

well as the fusion of all bit-planes. The CNN classifier is employed for both recognition and 

classification tasks. Simulation results on breast cancer image datasets demonstrate that the 

proposed method significantly improves recognition accuracy and enhances classification 

performance on specific bit-planes. 

Li et al. (2019) [81] presented a transfer learning approach using the Inception-V3 model for 

classifying fresh tea leaves. Experiments on a self-created dataset achieved over 95% accuracy, 

improving to 98% with data augmentation. The method enhanced efficiency and reliability for 

industrial tea production.  
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Hsieh et al. (2020) [82] proposed an AI-based system to detect and classify breast 

microcalcification (MC) clusters in mammograms, aiming to reduce invasive biopsies. Using 

VGG16, Mask R-CNN, and Inception V3, our method achieves 93% accuracy in cluster 

detection, 95% in MC labeling, and 91% in malignancy classification. This system effectively 

supports diagnosis and reduces patient burden. 

J. Bae et al. [83] in (2020) did a study which presents a feature extraction model based on 

inception v3 model to distinguish normal heart sound from systolic murmur. The model 

classified normal and abnormal heart sounds, focusing on detecting systolic murmurs. Heart 

sound data from an electronic stethoscope was converted into mel-spectrogram images, which 

were used as input for a fine-tuned Inception V3 model. Convolutional layers serve as feature 

extractors, with effective features selected using point-binary correlation analysis and crystal 

coefficient values. An artificial neural network classifier was employed, achieving an average 

accuracy of 87.7%. With 5-fold validation and the top 30 features, accuracy improves to 97.5%, 

offering valuable support for physicians in identifying systolic murmurs. 

Yuan et al. [84] in (2020) proposed CNN classifier based on salient features of mammography 

and bit-plane decomposition to enhance the recognition accuracy of breast cancer images. The 

proposed approach utilizes bit-plane decomposition, where each texture image is divided into 

eight bit-plane images, with each plane representing distinct levels of image features. 

Additionally, 25 feature subgraphs are extracted from the original image, capturing various 

characteristics of the image features. By combining these two salient feature sets, the method 

significantly improves recognition accuracy. The integration of features from different bit-

plane images has been thoroughly tested. Simulation results on medical image datasets 

demonstrate that the proposed method increases recognition accuracy from 63.5% to 91.1% for 

certain bit-planes, achieving a remarkable improvement of 27.6%. 

Yin et al. [85] in (2020) proposed deep guidance network that incorporates a guided image 

filter module to recover structural information using a guidance image. The method supports 

end-to-end training and achieves fast inference for biomedical image segmentation.  

Nabil et al. (2021) [86] presented a face shape classification approach using the Inception-V3 

model, optimized through preprocessing techniques like straightening, cropping, and 

normalization. Trained on various datasets of female images, the model achieved a 94.3% 

accuracy  
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Saeed et al. (2021) [87] did a study where they utilized an Inception-V3-based deep learning 

model with an added dense layer and image augmentation to detect COVID-19, pneumonia, 

lung opacity, and normal cases from chest X-ray scans. The model achieved a high accuracy of 

99.72%, enabling rapid and reliable COVID-19 diagnosis.  

Thangaraj et al. [88] in (2021) had worked on deep Learning based Real-Time Face Detection 

and Gender Classification using OpenCV and Inception v3. This study addressed object 

identification and recognition through CCTV cameras, proposing a motion-detection-based 

recording system to reduce data storage costs. The method was suitable for monitoring spaces 

like homes, offices, and gardens to detect unusual activity. For face and gender recognition, the 

system uses Haar cascades for face detection, cropping the detected faces for gender 

classification with the Inception V3 model. Trained and tested on the IMDB dataset, the model 

achieved 97.4% accuracy in real-time gender classification despite challenges like lighting, 

poses, and expressions. 

M. Balipa et al. [89] in (2022) detected Alstonia Tree using CNN and Inception V3 Algorithms. 

As the identification of alstonia tree was challenging due to the diversity of tree species, varying 

orientations, viewpoints, and background clutter. Accurate tree identification was essential for 

gathering species-specific information. Using the pretrained Inception V3 model and 

Convolutional Neural Networks (CNNs) enables effective detection and classification of trees, 

offering higher accuracy compared to traditional methods. 

S. Likhitha et al. [90] in (2022) did a study on skin cancer segmentation using R-CNN 

comparing with Inception V3 for better accuracy. This study compared the performance of R-

CNN (Region-based Convolutional Neural Network) and Inception V3 in segmenting skin 

cancer images. Using a sample size of 20 for each group with a pretest g power of 80%, R-

CNN achieved an accuracy of 96.01% and specificity of 86.76, while Inception V3 showed 

92.00% accuracy and 89.47 specificity.  

G. Priyadharshini et al.  [91] in (2023) did a study focused on detecting and classifying tomato 

leaf diseases using methods like CNN, R-CNN, Fast R-CNN, and Faster R-CNN Leaf diseases, 

such as Mosaic virus, Early Blight, Septoria leaf, Bacterial spot, and healthy leaves, 

significantly affect crop yield and financial outcomes in agriculture. Early detection is crucial 

to minimize losses. The proposed approach used deep learning and image processing 

techniques, employing VGG 16 for feature extraction and classification. Faster R-CNN 

integrates a regression-based bounding box method for precise disease identification. 
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Iqbal et al. [92] in (2023) presented a paper about COVID-19 classification using CNN, 

Inception V3 and Transfer Learning. This study proposed a deep learning approach using 

Convolutional Neural Networks (CNN) and the Inception V3 model, known for extracting 

detailed features from medical imaging. The CNN-Inception V3 model was evaluated on a 

comprehensive dataset of chest X-ray and CT images to differentiate COVID-19 from other 

respiratory conditions like pneumonia, fibrosis, tuberculosis, and normal lung scans. 

Performance metrics include accuracy, sensitivity, specificity, and AUC-ROC. 

Joshi et al. [93] in (2023) did a study on multiclassification on using YOLOv5 and Inception 

V3 model to recognize tea leaves. Tea leaf diseases significantly affect global tea harvest 

quality and productivity, making early and accurate diagnosis crucial for effective control. This 

study employed YOLOv5 and Inception V3 models to identify tea leaf conditions. The 

YOLOv5 model achieved a highest mAP of 0.78 (threshold 0.5), while the Inception V3 model 

excelled with a 94.3% F1-score in classifying red rust leaves.  

Kalpana et al. [94] (2023) explored deep learning models for automated cotton leaf disease 

detection using semantic image segmentation. Convolutional neural networks, including 

VGG16 and Inception-V3, were applied to classify diseased and healthy leaves, achieving over 

96% accuracy. 

R. Chavan et al. [95] in (2023) had worked on classification of retinal fundus images using 

vgg16 and inception v3. This study aimed to develop a framework for classifying retinal fundus 

images and detecting multiple diseases affecting the eye and other organs. Using retinal fundus 

images and transfer learning models, early disease detection is achievable.  

Susanti et al. [96] in (2023) did a classification of beef images using the Inception V3, Transfer 

Learning model. This study used machine learning with the Inception V3 transfer learning 

architecture to classify beef as fresh, half-fresh, or spoiled. 

Verma et al. (2023) [97] compares Inception-V3 and VGG-19 models for traffic sign detection 

using a dataset of 44,028 images. The Inception-V3 model achieved a higher accuracy of 

94.38% compared to 90.12% for VGG-19. Results indicated that Inception-V3 was more 

effective for traffic sign detection.  

Kankariya et al. (2024) [98] did a study to explore advancements in Sign Language 

Recognition (SLR) using deep learning, specifically CNN and Inception-V3 models. The 
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proposed method achieved 98.94% accuracy in recognizing hand gestures, improving 

communication for the hearing and speech impaired. 

Kaur et al. (2024) [99] presented a fine-tuned Inception-V3 model for the multiclass 

classification of groundnut diseases, including Early Leaf Spot, Late Leaf Spot, Rust, and 

Groundnut Rosette Disease. The model, trained on a comprehensive dataset of groundnut leaf 

images, achieves high accuracy of 96%, demonstrating the potential of deep learning for 

efficient and precise agricultural disease diagnosis.  

Rani et al. (2024) [100] proposed an Inception-V3-based CNN model for malware detection, 

achieving 90.6% accuracy and 92.6% specificity. By leveraging data preprocessing and 

visualization techniques, the model enhanced early malware strain identification, improving 

detection precision and effectiveness.  

 

2.3 Discussion 

The motivation behind this research work comes from investigations of previous works where 

the noticeable lack of work with real life printing problem is identified. In real life, different 

print problem can occur in a single printed material during production. Though many works 

have been done with different printing defects but form the literature review it can be seen that 

most of them are manmade print problems on already printed sheets. There is a significant gap 

in research that directly tackles the practical print problems encountered in real-world printing. 

This study seeks to bridge this gap by examining actual offset printing problems, with a cost-

effective, automated identification process. By focusing on real-life scenarios, this research 

aims to contribute valuable insights that can enhance both academic understanding and 

industrial practices in the field of printing technology. 
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4.1  Introduction 

In the offset lithography printing process (Figure 3.1), showthrough and strikethrough are 

common issues. This planographic technique differentiates the image and non-image areas 

based on the surface chemistry of the printing image carrier [2]. Substrate and ink play an 

important role in this printing process. Showthrough print defect occurs when the printed 

material on one side of a substrate, such as paper, is visible from the reverse side [3]. This defect 

is particularly noticeable in thin or low-opacity paper [2] and can compromise the quality and 

readability of the print. Whereas strikethrough is somewhat different from showthrough caused 

by ink penetration through substrate [3]. Figure 4.1 and 4.2 depicts printed image of 

showthrough and strikethrough real life samples of offset process respectively.  
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The phenomenon of show-through in printing is closely related to the optical properties of light, 

including transmission, absorption, reflection, and scattering and determined by the opacity of 

paper [106]. When light strikes the surface of ordinary paper, it undergoes three interactions: 

one portion is reflected, another portion is absorbed, and the remainder is transmitted through 

the paper. Light transmission through paper occurs in two ways: as parallel rays that travel 

without scattering, and as scattered or diffused rays. The total light transmittance, which is the 

sum of parallel and diffuse transmission, determines the paper's degree of opacity [106]. Pure 

cellulose fibers are naturally transparent, while printing papers are typically somewhat 

translucent. Opacity in paper is enhanced by groundwood and unbleached fibers due to their 

higher light absorption. Papers with fillers exhibit high opacity because of the numerous light-

scattering interfaces between fibers and air, air and fillers, and fibers and fillers. The 

effectiveness of fillers in scattering light and increasing opacity varies. Titanium dioxide stands 
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Figure 4.1 Sample Image of Showthrough Printing 
Defect 
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Figure 4.2 Sample Image of Strikethrough Printing 
Defect 
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out as the most efficient opacifying agent, significantly boosting brightness. Tinting dyes used 

in blue-white papers [106] are more efficient at scattering light than those used in yellow or 

neutral-white papers, giving blue-white papers higher opacity than their yellow-tinted 

counterparts [106]. Similarly, yellow papers have lower opacity than white papers. Colors such 

as blue, green, and gray exhibit higher opacity than white due to their greater light absorption. 

Showthrough of images from the reverse side of a sheet reduces print contrast and affects the 

visual quality of the image. The degree of opacity depends on the filler composition, paper 

coating, contrast between the printed image and the paper etc. [106]. Achieving sufficient 

opacity and minimizing objectionable showthrough can often be challenging and expensive, 

especially with high-brightness white papers. 

Showthrough is caused by the differences in total paper reflectance, on the observer viewing 

side (back side of the printed sheet), resulted from printed and non-printed areas.[106]. While 

the printing opacity method provides a more accurate measurement of the reflectance 

differences perceived as showthrough, the contrast ratio method is commonly used because of 

its speed and convenience. Moreover, Showthrough can be caused by ink with a vehicle system 

that is too fluid. The vehicle is absorbed too much by the substrate, making the paper become 

translucent [107].  

Strike-through is not commonly encountered, but when it does occur, it is usually associated 

with the printing of absorptive-drying inks onto newsprint [107]. It happens when some of the 

printed ink is absorbed so deeply into the paper that it becomes visible on the other side. While 

it can interfere with readability, tends to make the paper more transparent [106] increasing the 

visibility on the reverse side of the paper, it is generally less problematic than showthrough. 

This issue has been linked to the use of oil-soluble blue toners in low-viscosity oil-based inks. 

The solution of this kind of problem is to use a different ink or a less absorbent substrate [107].  

Porosity is another important property of paper which plays important role in order to avoid 

some printing defect like showthrough and strikethrough. It determines the degree to which a 

paper or substrate is porous.  The substrate's porosity and the coating's affinity for ink solvents 

significantly influence the drying speed of the inking system [3]. Water, though relatively non-

volatile and unlikely to cause issues due to evaporation from the cell, can pose challenges during 

the final drying stage, depending on the substrate's porosity [3]. Special attention must be given 

to selecting paper substrates that are not prone to cockling, as water-based systems exacerbate 

this issue, making it the most problematic scenario [3]. If the porosity is too high, the adhesive 
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and coatings may strike through the paper, or their solids may penetrate excessively, resulting 

in a weak adhesive bond or an insufficient ink film thickness on the paper surface [106]. Fiber 

refining, mechanical pulp addition, increasing short-fibre pulp can help to reduce the fibrous 

structure of the stock and also reducing the porosity of substrate [106]. Generally, in porous or 

uncoated paper showthrough and strikethrough print defect arises because of the excessive 

absorbent nature of paper which allows the ink vehicle to penetrate. Moreover, it can also occur 

when the refractive index of the ink vehicle is close to that of cellulose, making the printed area 

more transparent [3]. Dimensional change in paper is also affected by porosity. For an example, 

papers which are highly porous, minimize their dimensional change for making continuous form 

[106].   

In showthrough printing defect, dried printed ink produces unwanted color on reverse side. 

Whereas if ink is too soft it can cause strike through. By maintaining the ink viscosity, keeping 

it high, these problems can be avoided [3]. Mostly in lithography the interaction between paper, 

ink and press condition aggravated printing problems. Ink too much tacky or soften can cause 

different print problems.  Therefore, to avoid such kind of printing problems handling of ink is 

very much necessary step to take. Press operator should be careful and take every precaution to 

avoid contamination. Fountain solution and ink should be prevented from mixing. While 

scrapping the remaining ink, operator should be careful to scrap off evenly. Operator should 

make sure that press must be cleaned properly before inking up otherwise remaining dried ink 

can cause print problems like showthrough.          

The amount and type of ink that is transferred is determined by the type of printing process. 

Excessive ink transfer may cause printing defects like showthrough and srtikethrough. The most 

important factor which affects ink receptivity and ink absorption nature among many is the 

percentage of binder in the coating. Higher ink receptivity and absorption will occur where 

binder pigment ratio is low [108].  

Ink receptivity and ink absorption of the coated surface affected by the percentage of binder in 

the coating [108]. Another significant factor that influences ink receptivity is pigment type. 

Pigments which produce high pigment volume add to ink receptivity. Precipitated calcium 

carbonate, amorphous silicates, thermally treated clays are such pigments which helps to 

increased ink receptivity [108]. Ink receptivity reduces where pigments orient and pack together, 

particularly in the case of delaminated clays [108]. It is true that the coated surface should be 

ink receptive and absorption of ink is required for ink drying. But excessive ink absorption can 
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affect adversely and can be responsible for degradation of print quality as showthrough and 

strikethrough may occur.  

Fillers of various types and quantities are added to the papermaking furnish to improve opacity, 

brightness, and smoothness while reducing ink strike-through [106]. Surface sizing enhances 

the surface strength of uncoated papers, providing the necessary strength for offset printing as 

it fills the voids among fibres [106]. It also increases ink holdout and reduces opacity and 

porosity which subsequently helps to reduce the chances of showthrough and strikethrough 

[106] The only remedy to avoid strikethrough is to use less absorbent substrate or non-porous 

paper, usage of quick set ink and maintain the printing pressure [3]. The ink setting speed is 

very important criterion to avoid strikethrough as well as showthrough. Moreover, excessive 

printing impression pressure causes bleeding of the printed image through the paper [2]. The 

choice of resin and oil determines the wetting characteristics of ink vehicle. In newspaper 

printing an asphaltum complex solution in mineral oil with the correct addition (2or 3%) is used 

which helps to avoid excessive strikethrough in printing [3]. To increase paper opacity, 

brightness, whiteness and smoothness, fillers are used to control ink absorption and reduce the 

chances of strikethrough and showthrough. The most common fillers used for this purpose are 

calcium carbonate, titanium dioxide etc. [4].  Paper sizing is one of the most common methods 

to control the penetration of ink through the paper. Rosin is common sizing agent that provides 

significant resistance to wetting paper by ink [4].   

 

4.2 Sample Preparation 

Samples are collected from different commercial offset presses. Ink used for the sample of 

showthrough is paste ink whereas for strikethrough sample liquid ink is used. At the very first 

step substrate properties like thickness and porosity of the samples are measured. Thickness of 

the substrate is measured using Micrometer (make: S.C.Dey & co.) (Figure 4.4). Micrometers 

measure the thickness with additional precision of even single sheets of paper or any substrate. 

Therefore, for maximum accuracy Micrometer is the good choice and should be considered. 

Porosity of the samples is measured by Gurley Densometer [6] (Figure 4.5) based on air leak 

method. Densometer helps to measure the porosity of materials such as papers, plastic and 

membranes etc. After measuring the substrate properties samples are placed into a handmade 

camera setup environment (shown Figure 3.3) to take digital copies of the samples. Here for 

this experiment mobile camera with 48-megapixel resolution and D65 illumination is used.  
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4.3 Problem Statement 

The primary objective of this study is to develop an easier automated method for identifying 

showthrough and strikethrough print defects with reduced computational load. In the printing 

industry, these defects are typically identified by operators by eye assumption, who take 

corrective actions based on their ability to detect the issues. However, this process is subjective 

and varies from person to person. An automated approach could replace the traditional human 

perception-based method, providing a more consistent and reliable solution. Moreover, for a 

better-quality print, these defects must be avoided as it can hinder readability.  

To implement an image processing or computer vision-based approach, a digital image is 

required, as it differs from the printed image in terms of data representation, color 

representation, manipulability etc. Digital images consist of pixel information, with features 

such as contrast and intensity being utilized in various applications of image processing. The 

proposed method aims to segment the printed image from the pixels associated with 

showthrough and strikethrough defects. 

In the case of showthrough, identifying and segmenting pixels with lower intensity from the 

background presents a challenge. For strikethrough, ink penetration causes the defect pixels to 

overlap with the print pixels in the foreground. The challenge arises when pixels of similar 

intensity are present in both the foreground and background, complicating the identification of 

strikethrough defects. Additionally, noise from other printing defects, such as scumming and 

tinting, can interfere with the accurate detection of showthrough and strikethrough pixels. 

Achieving the goal of minimizing manual intervention through automation, precise pixel 

segregation is crucial. Without accurate segmentation, print pixels could be mistakenly 

identified as showthrough or strikethrough defects. 
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4.4 Proposed Method  

 

   

 

 

The steps involved in the proposed method [109] for detecting showthrough and strikethrough 

print defects are illustrated in the flowchart in Figure 4.3. For this experiment, all samples are 

collected from various commercial offset presses. The necessary steps for identifying 

showthrough and strikethrough pixels are briefly described. It is important to note that the same 

procedure and steps are applied to both defects. Since these two print defects share similarities 

in their causes and characteristics, the same algorithm is used for their detection. 

 

4.4.1 Substrate Properties Measurement 

Substrate properties like thickness, porosity, is measured at the very first step of this detection 

process. This step is very much necessary as because showthrough and strikethrough print 

defects depends on the substrate characteristics. Understanding the nature of the substrate helps 

Figure 4.3 Flowchart of Proposed method for Detection of Showthrough and Strikethrough 

Printing Defect 
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to prevent these defects. Here the properties are measured and the procedure of the 

measurement is given below. 

 

4.4.1.1 Thickness Measurement 

Substrate thickness matters in case of printing as because thicker substrate absorbs ink 

differently than thinner paper. Here for this measurement procedure printed samples are 

collected from offset presses. At first thickness of these samples is measured using Dial gauge 

Micrometer (make: S.C.Dey & co.) (Figure 4.4). A dial gauge micrometer measures paper 

thickness using mechanical amplification and a screw gauge mechanism for high precision. 

The paper is placed between the fixed anvil and the movable spindle connected to a precision 

screw. Turning the ratchet knob or thimble moves the spindle toward the anvil, applying gentle 

pressure on paper. The spindle movement is transferred to a rack-and-pinion or lever system, 

amplifying small variations, and the dial indicator provides a resolution of 0.001 mm (1 µm). 

A spring-loaded spindle ensures consistent pressure, preventing excessive compression for 

accurate readings The result of the thickness measurement for the tested sample is shown in 

Table 4.1.  

 

 

 

4.4.1.2  Porosity Measurement 

Porosity is an important substrate property which matters in printing and plays an important 

role to avoid printing defect like showthrough and strikethrough. The Gurley Densometer 

Figure 4.4 Micrometre for Measuring the Thickness 
of Substrate 
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(Figure 4.5) based on air leak method, is commonly used for measuring porosity in substrate. 

It measures the time required for air (100 cc) to pass through a given area of a material under 

standard conditions. This method is suitable for porous materials like paper or nonwoven 

fabrics. To measure porosity using a Gurley densometer, first cut a sample of the material, 

ensuring it fits the size requirements of the densometer. The sample must be in a controlled 

environment to standardize its moisture content. Ensure the densometer is clean and calibrated. 

Set the instrument to the specified test conditions, including temperature and pressure. Place 

the sample onto the instrument, making sure it covers the testing area completely. Sample 

material is held between clamping plates which has circular orifice area. Measure the time it 

takes for a certain volume of air generally 100cc, to pass through the sample. Record the time 

taken for air to pass through the substrate using stopwatch usually in seconds. The air pressure 

is produced by a cylinder of a specific diameter floating freely inside the oil filled outer 

cylinder. Repeat the steps for accurate results. The obtained results from this porosity 

measurement for tested samples are given in Table 4.1.    

 

 

 

Figure 4.5 Densometer for Measuring the Porosity of 
Substrate 
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4.4.2 Image Conversion 

The collected offset real-life defected printed samples are first acquisitioned using a mobile 

camera in a handmade set-up (shown in Figure 3.3) environment with D65 illumination. 

Onwards all the necessary step for the identification of showthrough and strikethrough printing 

defect has been done in MATLAB programming software. After capturing the image of 

defected printed samples, it is converted into gray color space from RGB color space. The 

choice between using grayscale or RGB color space for image processing depends on the 

specific requirements of the task. Here for this detection purpose gray color space is chosen as 

because it has only one channel representing intensity or brightness which makes easier to 

perform any image processing operations [103] and also reduce computational load. In gray 

color space intensity value of pixel ranges from 0(black) to 1(white) and any fractional values 

in between. Moreover, grayscale images can be more suitable for the tasks that rely on intensity 

information. Therefore, for this particular printing defect, gray scale is more suitable than RGB 

color space. Moreover, the RGB color space is device dependent; [110] as a result pixel 

information varies from device to device.  

Converting an image from the RGB color space to gray color space can be achieved using 

various formulas. Generally, a simple conversion with the weights 0.299, 0.587, 0.114are 

commonly used and derived from the luminance values associated with each color channel 

[110]. The simple and widely used approach of the conversion is: 

Gray= 0.299*Red +0.587*Green+0.114*Blue           eq. 4.1 

 

4.4.3 Histogram Equalization 

Histogram equalization [63] [66] [67] is one of the most important operations in image 

processing and computer vision. The intensity value of showthrough pixels is very much low 

and strikethrough pixels often get merged with print pixel, it is necessary to enhance the 

contrast of the image to detect the pixels properly. Therefore, the histogram equalization 

technique is applied to enhance the image intensity while preserving the overall details of the 

image. Histogram of an image is the basis for various spatial domain processing techniques in 

image processing whereas manipulation of histogram is very much effective for image 

enhancement [63] [103]. There are several steps for histogram equalization for image contrast 

enhancement as follows [103] [111]: 
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I. First read the image pixel by pixel 

II. Get histogram of original image where the frequency of each pixel’s intensity values is 

shown. 

III. Find the intensity value represented on the horizontal axis of the histogram. 

IV. Compute the probability density function (PDF) for each intensity value by dividing 

each bin count by the total no. of pixel in image. Probability density function is a way 

to represent the distribution of pixel intensities of the image.    

V. After getting the PDF, compute cumulative density function (CDF) for each pixel 

intensity’s frequency. For a discrete image with intensity levels 0,1,2………L-1, where 

L is the no. of intensity levels. The CDF will be 

𝐶𝐷𝐹(𝑖) = ෍ 𝑃𝐷𝐹(𝑗)

௜

௝ୀ଴

                      eq. 4.2 

Where,  

i= intensity level 

PDF(j)= Probability Density Function at intensity level j 

CDF(i)= cumulative probability up to intensity level i 

VI. The range of CDF value is 0-1. Therefore, CDF value is multiplied by largest value of 

intensity i.e. 255 

VII. Apply the histogram equalization transformation function to each pixel in the original 

image using CDF. In this step the intensity values are redistributed. The histogram 

equalization transformation function T is defined as: 

𝑇(𝑟) =
𝐿 − 1

𝑁
෍ 𝑃𝐷𝐹(𝑗)

௥

௝ୀ଴

                     eq. 4.3 

Where, 

r = original intensity value 

N= total no. of pixels in the image 

VII. Compute the equalized image histogram and normalize the histogram to get the 

equalized PDF 



 

 

Chapter 4 Identification of Showthrough and Strikethrough Printing Defect 

64 Ph.D. Thesis Submitted by: Jayeeta Saha 

Thus, the contrast of the output image will be enhanced with a more uniform PDF after 

histogram equalization. Now the enhanced image without lack of any information is better for 

further image processing applications. This method applies histogram equalization technique 

globally. This histogram equalization technique is also called Adaptive histogram equalization 

and it is more effective than simple histogram equalization techniques.   

 

4.4.4 Segmentation using Global Thresholding Algorithm 

Thresholding is the most important part in image processing. It helps to segment the image into 

parts. There are several thresholding algorithms exist, each with its own approach. Global 

thresholding [49] [103] can be done using methods like Otsu’s method or choosing a threshold 

value based on histogram analysis. Here in this presented method, Otsu’s thresholding 

algorithm [103] is applied to segment the image into foreground and background. As it is 

assumed that all the showthrough pixels and strikethrough pixels are in background of the 

image and printed pixels are in foreground. Therefore, before any further operation 

segmentation between foreground and background of the image is a necessary step to take. 

Now in this global thresholding algorithm the whole segmentation process has done based on 

the intensity of the pixel in image. The algorithm gives a single intensity threshold value that 

separates the image background from foreground. In this thresholding method the grayscale 

histogram of an image is used to select an optimal threshold value. This threshold value then 

separates the image into two regions with maximum inter-class variance. The steps of 

segmentation are like: 

I. First, compute the grayscale histogram of the sample image. The histogram can be 

obtained by counting the number of pixels at each intensity level. The grayscale 

histogram 𝐻(𝑖) of an image I is defined by the following equation: 

𝐻(𝑖) = ෍ ෍[𝐼(𝑥, 𝑦) = 𝑖]

ே

௬ୀଵ

ெ

௫ୀଵ

                           eq. 4.4 

Where, 

M= height of the Image 

N= Width of the Image 
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II. Next compute the Cumulative Distribution Function (CDF) which represents the 

probability that the intensity value of a pixel in image is less than or equal to a particular 

level. The mathematical equation of calculating CDF is: 

𝐶(𝑖) = ∑
ு(௝)

ெ×ே

௜
௝ୀ଴                     eq. 4.5 

III. The mean grayscale intensity value of the image is computed in next step. In Otsu’s 

global thresholding method, the mean of grayscale value is used to compute the class 

variance. The mathematical equation of calculating mean grayscale intensity value is 

as follows: 

𝜇 =  
ଵ

ெ×ே
∑ ∑ 𝐼(𝑥, 𝑦)ே

௬ୀଵ
ெ
௫ୀଵ           eq. 4.6 

Where, 

𝜇 = Image’s mean gray scale intensity value. 

IV. The between class variance is computed in next step where class variance is the product 

of the square of the difference between the image’s mean gray scale intensity values 

and the probability of background and foreground regions. For the threshold value T, 

class variance between background and foreground is as follows: 

𝑣𝑎𝑟(𝑇) = 𝑃଴(𝑇). 𝑃ଵ(𝑇). (𝑚଴(𝑇) − 𝑚ଵ(𝑇))       eq. 4.7 

Where,  

𝑃଴(𝑇) = Probabilities of the background 

𝑃ଵ(𝑇) = Probabilities of the foreground 

𝑚଴(𝑇)= Mean grayscale intensity value of the background 

𝑚ଵ(𝑇)= Mean grayscale intensity value of the foreground 

The mean grayscale intensity values, 𝑚଴(𝑇) and 𝑚ଵ(𝑇) can be calculated as: 

𝑚଴(𝑇) =  
∑ ௜೅షభ

೔సబ .ு(௜)

௉బ(்).ெே
             eq. 4.8 

 

𝑚ଵ(𝑇) =  
∑ ௜మఱఱ

೔స೅ .ு(௜)

௉భ(்).ெே
              eq. 4.9 
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V. Finally calculate the optimal threshold value for image segmentation. Therefore, to 

obtain optimal threshold value first between class variance for each possible threshold 

value need to be calculated. The optimal threshold value can be mathematically 

expressed as follows: 

𝑇௢௣௧ = 𝑎𝑟𝑔𝑚𝑎𝑥்(𝑣𝑎𝑟(𝑇))        eq. 4.10 

Now this optimal threshold value is considered and applied to the gray scale image to obtain 

binary image. In this binary image the pixels having intensity values above the optimal 

threshold value are considered to be the foreground image pixel and the pixels having lower 

intensity values than optimal threshold value is considered as background pixel of image.     

Otsu’s global thresholding method has many advantages as well as disadvantages. As because 

it is simple and less time taking comparing other thresholding method this thresholding 

algorithm used widely in image processing and computer vision. Moreover, this algorithm does 

not need any prior knowledge about the image to separate its foreground from background. 

However, the limitation of Otsu’s algorithm should be taken into consideration. The result of 

this algorithm may not be accurate with improper illumination. This algorithm is not robust to 

noise. Images with multiple histograms may not give proper result with this algorithm. To 

overcome this problem pre- processing of images like, division of image into smaller parts to 

apply thresholding method locally or application of Gaussian or median filter to reduce noise 

can be helpful making the thresholding method more reliable.  

 

4.4.5 Image Subtraction 

In case of showthrough and strikethrough defect detection thresholding is not enough to 

segregate the pixels from foreground. Therefore, image subtraction has been done. Image 

subtraction [103] computed pixel-wise difference between corresponding pixels of two images. 

Before applying subtraction, it should be ensured that both images have the same dimensions. 

This process is used usually in image processing and computer vision for various applications 

like changes in between consecutive frames in video, motion detection, and change analysis. 

The general equation for image subtraction is: Result= (Image_1- Image_2).  

In this proposed method, the thresholded image is subtracted from the histogram-equalized 

image to obtain the background image containing show-through pixels. Since an 8-bit image 

has pixel values ranging from 0 to 255, the resulting difference image can have values between 
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-255 and 255 [103]. Therefore, proper scaling is required. A fast and simple scaling method 

involves adding 255 to each pixel value and dividing by 2, ensuring all pixel values fall within 

the 0–255 range. However, this method has limitations and may lead to a loss of accuracy. A 

more precise approach involves first determining the minimum pixel value in the difference 

image. The absolute value of this minimum is then added to all pixels, effectively shifting the 

range to start from zero. Finally, the image is scaled to the 0–255 range by multiplying each 

pixel by 255 / (maximum value in the adjusted difference image). This ensures that the full 

intensity range is utilized while preserving details more accurately [103].    

 

4.4.6 Morphological Operations 

Manipulation of the shape or structure of objects in image is termed as morphological 

operations [103] [111]. This particular operation is mainly applied to binary or grayscale image. 

In image processing and computer vision, application of morphological operations is very 

much useful in noise reduction, segmentation, and feature extraction. The fundamental 

morphological operations include Dilation and Erosion operations. Here in this presented 

method morphological operations are done to extract the showthrough and strikethrough pixel 

without losing any information. In this presented method subtracted image is first erode and 

then dilated with structural element. This step is necessary to segregate and detect showthrough 

and strikethrough pixel in image.  The details of these two operations; Dilation and Erosion, is 

described below: 

 

4.4.6.1 Dilation 

The morphological operation dilation [103] expands the boundaries of objects in image. It is 

performed by a predefined structuring element which moves over the image. In dilation 

operation the value of each pixel in the image is set to 1 if any pixel in structuring element is 

1. Let’s assume A and B are two sets in Z2. Then the set A is dilated by the structuring element 

B can be expressed as: 

𝐴 ⊕ 𝐵 = {𝑧|(𝐵෠)⋂𝐴 ≠ 𝜙}           eq. 4.11 
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This equation is obtained by moving the structuring element into B and its reflection of origin. 

The dilation of A by the structuring element B is performed when at least one element of A and 

B is overlapped. Therefore, the above equation can be interpreted as: 

𝐴 ⊕ 𝐵 = ൛𝑧หൣ൫𝐵෠൯⋂𝐴൧ൟ ⊆ 𝐴             eq. 4.12 

 

4.4.6.2 Erosion 

Unlike dilation [103] which expands the boundary, erosion shrinks the boundaries of objects 

in image. Here also predefined structuring element moves all over the pixels to perform the 

operation. Let’s assume A and B are two sets in Z2. Then the set A is dilated by the structuring 

element B can be expressed as [103]: 

𝐴 ⊝ 𝐵 = {𝑧|(𝐵෠) ⊆ 𝐴                         eq. 4.13 

This equation is obtained by moving the structuring element into B and its reflection of origin. 

The erosion of A by the structuring element B is performed when at least one element of A and 

B is overlapped.  

 

4.5 Result and Discussion 

The presented method [109] is tested with numerous samples collected from commercial offset 

presses. Mainly all these samples are real-life offset printed. A mobile camera with 48 

megapixel and D65 illumination in a handmade experimental set up (shown in Figure 3.3) is 

used to capture the digital form of these samples. The main purpose behind using mobile 

camera is to make the procedure of detection cost effective with an automated approach. Here 

some of the samples result and discussion are given below. 

 

4.5.1 Result and Discussion for Showthrough 

Figure 4.6, 4.7, 4.8 and 4.9 depicted some of the tested image samples of showthrough with 

their resulted image.  
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Figure 4.6 Resulted Images of Showthrough (Sample 1) (a) Original 
image (b) RGB to Gray Converted image (c) Histogram Equalized 

Image (d) Foreground Image (e) Detected Showthrough Pixels. 
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Figure 4.7 Resulted Images of Showthrough (Sample 2) (a) Original 
image (b) RGB to Gray Converted image (c) Histogram Equalized 

Image (d) Foreground Image (e) Detected Showthrough Pixels. 
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Figure 4.8 Resulted Images of Showthrough (Sample 3) (a) Original 
image (b) RGB to Gray Converted image (c) Histogram Equalized 

Image (d) Foreground Image (e) Detected Showthrough Pixels. 
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In Figure 4.6(a) original digital image of sample1 is shown. In this image, showthrough is 

clearly visible in the background and is overlapped with the foreground text which degrades 

the quality of printed document. Moreover, it becomes difficult to identify and segregate the 

showthrough pixels from background as because the showthrough pixels are having very much 

low intensity. Before doing any further operations according to the proposed method, at first 

the original RGB image is converted into gray color space. The gray scale image is shown in 

Figure 4.6(b). Now histogram equalization for contrast enhancement has been applied to the 

Figure 4.9 Resulted Images of Showthrough (Sample 4) (a) Original 
image (b) RGB to Gray Converted image (c) Histogram Equalized 

Image (d) Foreground Image (e) Detected Showthrough Pixels. 
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gray color image. Histogram equalized image is shown in Figure 4.6(c). Contrast enhancement 

helps to increase the intensity level of showthrough in background. Thus, the pixel of 

showthrough becomes so prominent. Hence it helps to segregate showthrough pixels from print 

pixel of foreground. Now this histogram equalized image is considered for further operation. 

Adaptive global thresholding algorithm is applied to the histogram equalized image. Pixel 

values greater than optimal threshold value is considered as foreground pixel whereas pixel 

value less than optimal threshold value is considered as background pixel. And here the 

defected pixel that is showthrough pixels are considered to be in background. In Figure 4.6(d) 

the segmentation of foreground image is shown where it can be seen that only the text to be 

printed coming as absolute black. Now after segmentation of foreground and background of 

the image subtraction algorithm is applied to get the showthrough pixels in background. The 

subtraction is applied between histogram equalized image and thresholded image. After 

subtraction morphological operation like erosion and dilation operation is performed on 

subtracted image to extract the showthrough pixels properly. Figure 4.6(e) shows the 

showthrough pixels in background image appears in white.  

In Figure 4.7(a) original digital image of Sample 2 is shown. In this sample not only, 

showthrough pixels are present but scumming pixels are also there in foreground image. These 

scum pixels can hinder the process of detection of showthrough pixels. As the intensity of scum 

pixel is almost same as print pixel, sometimes it can be predicted as print pixel after 

segmentation. Therefore, to overcome this problem at first scum pixels should be detected prior 

the detection of showthrough pixels. Moreover, post processing operations can be helpful to 

identify and ignore the scum pixels. The same steps are here also followed for this sample to 

segregate between print pixel and showthrough pixel. In Figure 4.7(e) the showthrough pixels 

in white is detected.  

Original images with resulted image of Sample 3 are depicted in Figure 4.8. The main 

difficulties for this sample arise because of the presence of shadow part. The final output image 

in Figure 4.8(e) shows the detected showthrough pixels in white. However, the appearance of 

shadow cannot be ignored and can possibly remove by post processing operations. In this 

context it must be kept in mind that the real-life samples must contain other print defects or 

any other difficulties may arise because of environmental condition. Those unavoidable 

conditions must be considered and can be removed by other applications. The final output 

containing showthrough pixels is shown in Figure 4.8 (e).                   
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Sample 4 in Figure 4.9 is also degraded by shadow part and the showthrough pixels as well. 

Showthrough pixels have very much low intensity in this sample which makes the detection 

procedure more difficult. Contrast enhancement helps to improve overall intensity of the image 

and makes easier to identify the showthrough pixels. After histogram equalization of the gray 

scale image, the background pixels are clearly visible in Figure 4.9(c). In Figure 4.9(e) the 

white pixels in background are identified as showthrough pixels and the appearance of shadow 

can be removed by post image processing operations.  

As the showthrough printing defects depends on the substrate properties, porosity and thickness 

of sample paper is measured. As the sample substrate is different in terms of quality, as because 

it is collected from various offset presses, the result shows how the properties of substrate affect 

the showthrough print defect. In Table 4.1 the values of porosity and thickness of the above 

considered sample is given. According to the measurement sample 2 has the maximum porosity 

whereas sample 1 has the lowest porosity. The order of porosity (high to low) can be arranged 

as- Sample 2> Sample 4>Sample 3> Sample 1. Showthrough print defect in Sample 2 is more 

than other samples as the porosity is high. Sample 1 is less porous and the identification of 

showthrough pixels in sample 1 is little bit difficult as it is having lower intensity value. 

According to the intensity of the showthrough pixel it is clearly visible that Sample 2> Sample 

3> Sample 1> Sample 4. It is also observed that though the porosity is less in case of Sample 

3, but as the thickness of substrate is lowest, showthrough is more as compared to Sample 1 

and Sample 4.   
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Sample Thickness 
(mm) 

Porosity (sec) 

Sample1(Figure 4.6) 0.058 52 

Sample 2(Figure 4.7) 0.088 40 

Sample 3(Figure 4.8) 0.055 47 

Sample 4(Figure 4.9) 0.084 46 

 

 

4.5.2 Result and Discussion for Strikethrough 

Like showthrough print defect detection, in strikethrough the same procedure is followed to 

identify the strikethrough pixels. In case of Strikethrough print defect identification, the 

substrates used for all the samples are same and the liquid ink is used. The porosity of 

strikethrough sample is 6 sec and the thickness is 0.059mm.  

In Figure 4.10, 4.11, 4.12 and 4.13 are some of the defected samples with their pictorial 

representation of defect detection is depicted. The results show the strength of proposed method 

of strikethrough defect detection.   

Table 4.1: Porosity and Thickness of Showthrough 
Substrates 
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Figure 4.10 Resulted Images of Strikethrough (Sample 1) (a) Original 
image (b) RGB to Gray Converted image (c) Histogram Equalized 

Image (d) Foreground Image (e) Detected Strikethrough Pixels. 
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Figure 4.11 Resulted Images of Strikethrough (Sample 2) (a) Original 
image (b) RGB to Gray Converted image (c) Histogram Equalized 

Image (d) Foreground Image (e) Detected Strikethrough Pixels. 
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Figure 4.12 Resulted Images of Strikethrough (Sample 3) (a) Original 
image (b) RGB to Gray Converted image (c) Histogram Equalized 

Image (d) Foreground Image (e) Detected Strikethrough Pixels. 
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In Figure 4.10 (a) the original digital image of strikethrough sample 1 is shown and it is 

captured using mobile camera only. Here the ink penetrated through the paper fibre and became 

visible in the foreground of backside image. The intensity of the strike through pixels is more 

compare to showthrough pixels which facilitates the detection procedure. However, the 

Figure 4.13 Resulted Images of Strikethrough (Sample 4) (a) Original 
image (b) RGB to Gray Converted image (c) Histogram Equalized 

Image (d) Foreground Image (e) Detected Strikethrough Pixels. 
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presence of other unwanted printing problems cannot be ignored and must be removed by post 

processing operations. In this sample presence of shadow made the detection of strikethrough 

pixels a little bit difficult. In Figure 4.10(d) in foreground image, the portion of ink that bleeds 

through the paper is detected. Finally in Figure 4.10(e) the strikethrough pixels in background 

are shown in white is identified. 

The next sample in Figure 4.11 (a) (sample 2), because of illumination condition it is very 

difficult to identify strike through pixels. Here histogram equalization is required to increase 

the contrast of background strikethrough pixels for proper detection. The histogram equalized 

image is shown in Figure 4.11(c). Here also the shadow part degrades the image and can be 

removed by further image processing operations. Figure 4.11(d) shows the foreground image 

and Figure 4.11(e) shows the strikethrough pixels detected in background.  

The sample in Figure 4.12 (a) (sample 3) shows that the strikethrough pixels are clearly visible. 

The foreground image in Figure 4.12(a) shows the penetrated strike through pixels from reverse 

side of the paper. To segregate the strike through pixels from the background of image, a proper 

choice of threshold value is very important otherwise foreground pixels can be identified as 

strikethrough for those areas where intensity values of print pixel will be nearly similar to 

strikethrough. The threshold value is selected by maximizing the class variance of the pixel of 

the entire image. Pixels with a gray level greater than the global optimal threshold value are 

considered as foreground pixels. The final result in Figure 4.12(e) shows the detected 

strikethrough pixels in background only and depicts the strength of identification of 

strikethrough pixels.    

The sample 4 in Figure 4.13 (a), ink mostly penetrates from the reverse side and is detected in 

the foreground image in Figure 4.13 (d) after thresholding operation. Ideally the foreground 

image should be blanked but here the ink penetrated through the fibre and appears in 

foreground. The strikethrough pixels detected in white are shown in Figure 4.13 (e).    

 

4.6 Conclusion 

Quality of image can be degraded for many reasons. Printing defect is one of the most important 

among them and should be taken care of. Showthrough and strikethrough printing defects are 

very much common in offset presses. There are several reasons behind this printing defects. 

Substrate properties and ink characteristics are most important factor in this context. 
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Sometimes the desired product outcome might affect as showthrough and strikethrough pixels 

merged with the background and as well as foreground image. Therefore, it is very much 

important to detect and take the necessary step to prevent these printing defects. Generally, the 

detection procedure is done manually in presses which make the job dependent on the man’s 

ability of detection. Also, manual process is so much time consuming. Therefore, it becomes a 

popular research direction to detect these defects with the help of image processing tool that 

can be less manual and less time consuming. A common method of detection is applied for both 

these two printing defects as the nature of these defects are almost same. The presented work 

is comparatively simple in terms of computational load and cost effective too. Therefore, this 

automated approach is much better than manual intervention to get the better-quality print job 

and helps to save the production time. For this experimental work, mobile camera is used which 

is now-a –days very much available to everyone and handy as well. This makes the procedure 

less expensive in terms of production cost. A major limitation of this study is appearance of 

scummimg, tinting and other printing defects that can hinder the process and make the detection 

a little bit difficult. Post processing operations can be a solution to overcome this problem. 

Exploring presented work in different device independent color space can be further extended 

study of this thesis work. Apart from contrast enhancement histogram equalization, other 

histogram equalization technique can be applied to get better result. This study focused only to 

detect the showthrough and strikethrough pixels while reconstruction of the image removing 

the showthrough and strikethrough pixels is probably most important follow up work in future. 
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5.1 Introduction  

Doubling is one of the most frequently encountered defects in printing processes and is a 

critical quality issue that significantly impacts the visual integrity and functionality of printed 

materials. This defect is usually visualized as a secondary, slightly displaced same image with 

lower density [2] or shadow appearing adjacent to the actual printed image. The visual result 

is a blurred [3] or ghosted impression compromising the sharpness and clarity, directly 

impacting the quality of the final printed product. Figure 5.1 and 5.2 depicted two such printed 

sample image with doubling print defect. 
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This defect is not confined to any single printing method. It can occur across a variety of 

processes, including offset printing, flexographic printing, and even digital printing, making it 

a universal challenge in the field. When a faint duplicate impression occurs with actual printed 

image in doubling it appears as excessive dot gain [3]. In offset printing process, some of the 

ink from dots printed by previous unit is transferred from paper to blanket of the next printing 

unit and consequently transferred onto the succeeding press sheets [106].  This transferred ink 

is not in register with the actual true full impression dots [106]. The consequences of this 

phenomenon extend beyond visual imperfections. It often results in the rejection of defective 

prints, causing material wastage and increasing production costs. Furthermore, for commercial 

printers and manufacturers, persistent quality issues like doubling can erode customer trust and 

damage brand reputation. 

In doubling dot area increases linearly with elongation [112] and a non-directional extra image 

is created [113]. If seen under magnification doubling can be identified as the same image 

printed with lower density with a displacement from the actual printed image [2].  

In offset printing, doubling defects can occur due to a range of mechanical issues, including 

improper roller settings, worn-out gears [106], vibrations in the press, or misaligned and 

damaged impression cylinders, lack of paper flatness in paper surface [106]. These defects 

result from the premature or incorrect contact of the substrate with the printing blanket or 

cylinders, leading to faint duplicate impressions that appear out of register with the intended 

image. Moreover, Variability in the position of substrate as it passes through the next -in-line 

printing unit [112] is another cause for this type of phenomenon. Pre- kissing in Offset printing 
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Figure 5.1 Sample Image of 
Doubling Printing Defect 

Figure5.2 Sample Image of 
Doubling Printing Defect 
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happens when the paper prematurely contacts the printing blanket, often due to static electricity 

or deformed paper caused double impression [2]. Environmental factors, such as humidity and 

temperature, also play a role. For example, excess humidity may cause ink smudging or paper 

deformation. Dimension instability of paper due to absorption of moisture content can lead to 

this type of defect [2]. Using low-quality or inappropriate paper can enhance the issue. 

Doubling can also occur when substrate comes into contact with the blanket twice, creating a 

double impression. When the blanket pulls part of an already printed image off the sheet and 

then transfer this image slightly out of register onto the next sheet passing under the blanket, 

doubling problem occurs. However, this kind of defect is undesirable and can be avoided by 

the regular maintenance of rollers, blanket, and drums. Replace worn-out components as 

needed.  

 

5.2 Sample Preparation 

For this experimental work the printed samples are collected from different offset printing 

presses. All sample used for this study is real-life sample. Image acquisition of these samples 

is done by using mobile camera with 48-megapixel resolution and in D65 illumination. The 

whole camera setup is made with a simple handmade approach shown in Figure 3.3, where 

camera is placed in the top and the sample is placed right under the camera. The distance 

between camera and samples are same for each tested sample.  

 

5.3 Problem Statement 

In the printing industry, the identification of doubling print defects has traditionally been a 

manual process. This reliance on human judgment makes the procedure subjective and prone 

to variability, as it depends heavily on the operator's ability to recognize the defect. The 

identification process can differ significantly from one individual to another, leading to 

inconsistent evaluations. Furthermore, there is no standardized methodology to quantify the 

degree of similarity except eye assessment between the actual image and the faint duplicate. 

Operators typically rely on their own experience and visual estimation to decide on corrective 

actions at the press unit. However, this lack of standardization and objective measurement 

introduces challenges in maintaining consistent quality across production runs. Moreover, 

doubling defects often include overlapping regions where the actual and duplicate images 
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blend, making it particularly challenging to distinguish the defect with accuracy by image 

processing techniques. 

To address these challenges, the Structural Similarity Index Measure (SSIM) algorithm has 

been employed as a tool for detecting and identifying doubling defects. The SSIM algorithm 

provides a mathematical framework for comparing the structural similarity between two 

images, enabling a more objective and quantitative assessment of the defect. This method 

enhances precision by analyzing luminance, contrast, and structural information in the image. 

However, the application of SSIM in real-world offset printing scenarios introduces additional 

complexities. Test samples from offset presses often contain other print defects, which can 

interfere with the accurate detection and quantification of doubling defects. These extraneous 

issues create noise in the data, which complicates the identification process. 

Despite these complexities, the integration of the SSIM algorithm into quality control processes 

represents a significant advancement in the printing industry. The use of computational 

algorithms like SSIM also provides the opportunity to standardize the identification and 

quantification of doubling defects, paving the way for more reliable and reproducible quality 

assurance practices. While manual identification of doubling defects has been the conventional 

approach in the printing industry, but the automated approach with SSIM algorithm offers a 

more accurate identification and quantification despite of presence of other printing defects.  

Here in this study along with SSIM algorithm another two print quality metrics: Mean Square 

Error (MSE) and Feature Similarity Indexing Method (FSIM) algorithm are also applied for 

comparative study and to prove the strength of print quality metrics for detecting the doubling 

print defect.  

 

 

5.4 Proposed Method  

Figure 5.3 illustrates the flowchart [114] of the presented method for identifying and 

quantifying doubling print defects. The process begins with the collection of samples from a 

diverse range of offset commercial presses, ensuring the inclusion of various printing 

conditions and substrates. Both text-based and image-based prints are considered for the 

analysis. A comparative study is conducted using print quality assessment metrics, including 

Mean Square Error (MSE), Feature Similarity Indexing Method (FSIM), and the Structural 

Similarity Index Measure (SSIM) algorithm. 
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5.4.1 Image Conversion 

The defective printed samples are first digitized using a mobile camera (48MP) in a handmade 

setup (Figure 3.3) environment. Subsequent steps for identifying doubling printing defects are 

performed using MATLAB programming software. After capturing the image of defective 

samples, the image is converted from the RGB color space to the grayscale color space. 

The choice between using grayscale or RGB color space for image processing depends on the 

specific requirements of the task. In this case, grayscale is preferred because it has only one 

channel representing intensity or brightness, simplifying image processing operations and 

reducing computational load. The intensity values in a grayscale image range from 0 (black) to 

1 (white), [103] with fractional values in between. Since tasks like identifying printing defects 

often rely on intensity rather than color information, grayscale images are better suited for this 

purpose. Moreover, this simplifies image processing operations, reduces computational 

complexity, and enhances efficiency. Unlike RGB, which is device-dependent [110], grayscale 

images do not vary across devices. RGB values can differ based on the manufacturer or device 

specifications, potentially introducing inconsistencies in processing. RGB images consist of 

three channels—Red, Green, and Blue—used for representing color information.  

Figure 5.3 Flow chart of Proposed Method of Doubling Printing Defect Detection  
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Transforming an image from RGB to grayscale can be done using a weighted sum of the color 

channels. The weights reflect the human visual system's sensitivity to different colors : 

 Red contributes 29.9% to luminance, 

 Green contributes 58.7% to luminance, 

 Blue contributes 11.4% to luminance. 

The commonly used formula for conversion is: 

Gray= 0.299*Red +0.587*Green+0.114*Blue            eq. 5.1 

The weights (0.299, 0.587, 0.114) are derived from luminance values as perceived by the 

human eye, with the green channel contributing the most due to higher sensitivity in this 

spectrum. This ensures the resulting grayscale image accurately represents the intensity levels 

while discarding unnecessary color information. Therefore, using gray color space simplifies 

the computations, minimizes resource usage while ensuring the consistency. It is quite easy to 

perform image processing operations like edge detection, segmentation of image, smoothening, 

sharpening [103] etc. in gray color space rather than RGB color space. 

 

5.4.2 Computation of Label Connected Components 

The next step involves computing the pixel connectivity to address the issue of doubled print 

defects, where overlapping impressions of the print occur. This defect results in regions where 

one impression overlaps another, creating challenges in distinguishing between distinct and 

overlapped areas. To tackle this, 8-connectivity [103] of pixels is used for edge detection and 

labelling. 

Pixel connectivity refers to the relationship between a given pixel and its neighbouring pixels, 

which can be evaluated based on certain connectivity rules. It is a fundamental concept in image 

processing, particularly in tasks such as edge detection, segmentation, region labeling, and 

object identification. Pixel connectivity defines how pixels are considered connected based on 

their spatial relationship and intensity values. Generally, there are three types of connectivity 

rules: 4-connectivity, 6-connectivity and 8-connectivity. In this study 8-connectivity [103] is 

chosen to detect edges and overlaps in all direction- horizontal, vertical and diagonal.  
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In 8- connectivity [103] a pixel is connected to its eight neighbours which provides more 

comprehensive connectivity than others. For an example here pixel (X) is connected to all 

adjacent pixels (1’s) in every direction.  

 

1 1 1 

1 X 1 

1 1 1 

 

The use of 8-connectivity for pixel labeling is essential to ensure that no overlapped regions 

are missed as because diagonal pixels are considered. By analysing the labeled connectivity of 

pixels, it becomes possible to identify areas where the defect occurs. The method effectively 

distinguishes between well-printed regions and those affected by doubling defects. As pixels 

are grouped into distinct regions based on their connectivity, tasks like object segmentation to 

identify the doubling printing defect simplifies.  

 

5.4.3 Background Extraction 

The next step involves with background and foreground segmentation with adaptive 

thresholding algorithm. This step is needed to separate the background from the foreground for 

further analysis or processing. It is useful in tasks like masking, segmentation, or measuring 

the area covered by the background. To apply the print quality metrics and to check the 

similarity between the double printed regions it is necessary to segment the foreground and 

background images.  

 

5.4.4 Morphological Operation 

After segmentation morphological operations [103] [111] has been performed where small 

gaps, holes or breaks are filled in edges using morphological closing with a linear structuring 

element. It combines dilation followed by erosion, effectively smoothing the edges and 

connecting nearby components. When using a linear structuring element, the closing operation 

emphasizes filling gaps along a specific direction. Dilation expands the edges outward, 

bridging gaps and filling small holes whereas erosion shrinks the expanded edges back to their 

8-Connectivity 
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original size, removing any extension added during dilation. Therefore, when these two 

operations combined together as a result small gaps or discontinuities in the edges are filled 

while maintaining overall shape and size of the image.  

A linear structuring element specifies the size and orientation of the gap-filling operation. It 

allows filling gaps along a specific direction, useful for images with oriented patterns. 

Moreover, length and angle can be adjusted to suit specific edge characteristics. Here for this 

study a morphological closing operation on the detected edges using a linear structuring 

element with a length of 10 and an angle of 5 degrees is applied. 

 

5.4.5 Logical Operation 

After performing morphological operation bitwise XOR [103] [111] between the binary image 

and the closed edges is performed to identify regions by removing small and irrelevant features. 

In a bitwise XOR operation, for each pixel: 

 The result is 1 if the two corresponding pixel values are different (0 and 1 or 1 and 0). 

 The result is 0 if the two corresponding pixel values are the same (0 and 0 or 1 and 1). 

After logical operations the result of XOR is then processed with a function, ‘bwareaopen’, 

commonly found in Matlab software libraries, which removes connected components smaller 

than 1000 pixels. This step eliminates noise or small, insignificant regions. 

 

5.4.6 Edge Detection  

The next step follows the edge detection operation of the grayscale image using Prewitt [103] 

[111] operator. The Prewitt operator is a gradient-based edge detection method used in image 

processing which identifies edges by calculating the gradient of image intensity, highlighting 

areas where there are sharp changes in brightness. Application of Prewitt operator is easy as 

well as fast and effective for detecting edges in images with well-defined intensity transitions. 

The Prewitt operator generally uses 3x3 convolution kernels to approximate the gradient in the 

horizontal (𝐺௫) and vertical (𝐺௬) directions: 

Horizontal kernel (𝐺௫) :   
−1 0 1
−1 0 1
−1 0 1
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Vertical kernel (𝐺௬) :   
−1 −1 −1
   0    0    0
   1    1    1

 

These masks are convolved with images to calculate horizontal and vertical gradients at each 

pixel.  

The magnitude of the gradient at each pixel is computed by combining the horizontal and 

vertical gradients to find the edge strength.  

Magnitude= ඥ𝐺௫
ଶ + 𝐺௬

ଶ                                             eq. 5.2 

Edge Direction(θ)= arctan (
ீ೤

ீೣ 
)                                   eq. 6.3 

After that a thresholding is applied to the gradient magnitude to retain only significant edges. 

After the edge detection, the region of interest from double printed edges are cropped. Here the 

two edges of double printed area are taken to check the structural similarity. Print quality 

metrics like Structural Similarity Measurement (SSIM), Mean Square Error (MSE), Feature 

Similarity Indexing Method (FSIM) is applied to measure the similarity between the double 

printed edge.   

 

5.4.7 Print Quality Assessment Metrics:  

This study focuses on evaluating print quality using three key assessment metrics. After 

segmenting the background and foreground in the image, the region of interest (ROI) from the 

double-printed edges is carefully cropped. The two edges within the double-printed area are 

analysed to assess their structural similarity. 

To achieve this, the following quality metrics are applied, ensuring a comprehensive evaluation 

of print consistency: 

1. Structural Similarity Index Measurement (SSIM): Measures perceptual similarity 

between the edges, capturing subtle differences in luminance, contrast, and structure 

[69] [71] [73]. 

2. Mean Square Error (MSE): Provides a quantitative measure of the pixel-wise error 

between the two edges, reflecting overall similarity [71]. 

3. Feature Similarity Indexing Method (FSIM): Focuses on feature-level analysis, 

leveraging gradient magnitude and phase congruency to assess structural alignment 

[14] [71]. 
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The use of these metrics ensures a robust and detailed evaluation of print quality. Below, the 

detailed explanation of each metrices are discussed. 

 

5.4.7.1  Structural Similarity Index Measurement 

The Structural Similarity Index Measure (SSIM) [69] [71] [73] is a popular algorithm used to 

evaluate the perceived quality of images. It is widely used in image processing to compare the 

similarity between two images, typically for assessing the quality of a compressed or processed 

image relative to the original. Unlike traditional metrics, SSIM measures image quality based 

on how the human visual system perceives structure, rather than just pixel differences. 

SSIM carries the structural information of pixels which are closed spatially. SSIM is calculated 

between two common size (N X N) images x and y.  

                                        SSIM(x, y)= 
ଶ(ஜ౮ஜ౯ାୡభ) ൫ଶ஢౮౯ାୡమ൯

(ஜ౮
మାஜ౯

మାୡభ)൫஢౮
మା஢౯

మାୡమ൯
                                                eq. 5.4 

Where, μ୶ = average of x; 

 μ୷ = average of y 

 σ୶
ଶ = variance of x 

 𝜎௬
ଶ = variance of y 

 σ୶୷ = covariance of x and y 

 𝑐ଵ =  (Kଵ L)ଶ , 𝑐ଶ = (Kଶ L)ଶ 

L= dynamic range of the pixel values. 

 k1 = 0.01 and k2= 0.03 by default. 

Image distortion between the sample images can be modeled by SSIM by comparing three 

factors: contrast distortion(c) , luminance distortion (l), and loss of structural correlation(s). 

                                      l(x, y) =
ଶ(ஜ౮ஜ౯ାୡభ)

(ஜ౮
మାஜ౯

మାୡభ)
                                                                        eq. 5.5 

                                      c(x, y) =
ଶ(஢౮஢౯ାୡమ)

஢౮
మା஢౯

మାୡమ
                                                                        eq.5.6  

                                      s(x, y) =
஢౮౯ାୡయ

஢౮஢౯ାୡయ
                                                                              eq.5.7 

 

Luminance (l(x,y)): Compares the brightness of the images. 

Contrast (c(x,y)): Measures the contrast differences of the images. 

Structure (s(x,y)): Evaluates the structural correlation of the image pixels. 

 



 

 

Chapter 5 Identification and Evaluation of Doubling Printing Defect using Image Quality Metrics 

92 Ph.D. Thesis Submitted by: Jayeeta Saha 

In this presented study, the percentage of structural similarity is measured between double-

printed edges to analyze and detect doubling defects. Doubling defects occur when printed 

edges are overlapped due to double impressions. This issue necessitates comparing the 

structural similarity between the overlapped region of the image. By quantifying this similarity, 

the defect can be detected and assessed based on the overlap and distortion caused by the 

double impression. SSIM is sensitive to perceptual changes, such as blurring or contrast 

changes. Therefore, it is applicable for image compression quality assessment. Moreover, for 

image denoising and restoration evaluation SSIM is applied. The main limitation of SSIM 

algorithm is its sensitivity to small shifts or rotation in images. SSIM is not effective when 

comparing images of different resolutions.   

 

5.4.7.2  Mean Square Error 

The Mean Square Error (MSE) is a widely used statistical measure in print quality assessment. 

It quantifies the average squared difference between reference (ideal) values and observed 

(actual) values. Generally, MSE measures the error between the images where the average of 

squared errors is represented by MSE [71].   

           MSE= 
ଵ

୑୒
∑ ∑ ⌈gො(n, m) − g(n, m)⌉ଶ୫

୬ୀଵ
୫
୬ୀ଴                 eq. 5.8 

Where: 

  g(n, m): Reference value 

 gො(n, m): Observed or printed value. 

 MN: Total number of data points. 

MSE is used to evaluate deviations in color reproduction by comparing the printed colors to 

reference values [115]. Here in this study MSE is calculated between the cropped region of 

detected double printed image to check the similarity.         

 

5.4.7.3  Feature Similarity Indexing Method 

The Feature Similarity Indexing Method (FSIM) [14] [71] is a perceptual image quality 

assessment metric designed to evaluate the similarity between two images by focusing on low-

level visual features. Phase congruency and Gradient magnitude are the two most important 

key components to be followed to measure the characteristics of images.   
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5.4.7.3.1 Phase Congruency 

Phase Congruency (PC) is a powerful feature descriptor used in image processing and computer 

vision to identify important image features such as edges, lines, and corners. It provides a way 

to analyse the structure of an image based on the alignment of phase information across 

multiple frequency components. One of its characteristics is that it is invariant to lighting 

variation in an image [14]. A signal can be represented using its frequency components, each 

characterized by an amplitude (strength) and phase (alignment). The phase of a frequency 

component specifies the position of the wave relative to a reference point, while amplitude 

measures its contribution to the signal. Phase Congruency (PC) captures edge and corner 

information in the image. It measures the alignment of phase across different frequency 

components, which correlates strongly with human visual perception. It is computed as [72]:  

𝑃𝐶(𝑥) =  
∑ ௐ೙.஺೙೙ (௫).ୡ୭ୱ (∅೙(௫)ି∅೘೐ೌ೙(௫) )

∑ ஺೙(௫)ା ∈೙
                                  eq. 5.9 

Where: 

 𝑛: Index of the frequency component. 

 𝐴௡(𝑥): Amplitude of the n-th frequency component at pixel x. 

 ∅௡(𝑥): Phase of the n-th frequency component at x. 

 ∅௠௘௔௡(𝑥): Weighted mean phase at pixel x. 

 𝑊௡: Weighting function to emphasize meaningful components. 

 ∈: A small constant to avoid division by zero. 

Since PC depends on phase alignment rather than amplitude, it works well across images with 

different contrast or illumination makes invariant to contrast [71]. PC effectively detects edges, 

corners, and textures, focusing on regions with significant structural information. Moreover, 

for image quality assessment metrics FSIM Phase Congruency is used to evaluate perceptual 

quality. 
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5.4.7.3.2 Gradient Magnitude  

Gradient magnitude measures the horizontal and vertical gradient of images unlike phase 

congruency. Convolution masks are used to compute the gradient components by filtering the 

image. Common operators include: Sobel operator, Prewitt operator, Scharr operator Visual 

FSIM [14] [71].  Gradient Magnitude of image F(x) can be represented as: [14]  

GM= ඥ𝐺௫
ଶ + 𝐺௬

ଶ                   eq. 5.10 

 Where, Gx ,Gy is horizontal and vertical gradient of image F(x). 

GM emphasizes regions where human vision is naturally more sensitive, such as areas with 

sharp transitions. While PC is invariant to contrast and emphasizes feature localization, GM 

reflects contrast and texture changes, offering a balanced assessment. 

Here in this study FSIM is calculated depending on phase congruency and gradient magnitude 

between two cropped regions of interest where double printing is occurred. If the phase 

congruency derived from two images are PC1 and PC2 and gradient magnitude are G1 and G2, 

then the similarity based on phase congruency calculated as [71]: 

𝑆௣௖ =
ଶ ௉஼భ ௉஼మ ା భ்

௉஼భ
మା௉஼మ

మା భ்
                              eq. 5.11 

Where, 𝑇ଵ is a positive constant to increase the stability of 𝑆௣௖ 

Likely gradient magnitude is calculated as: 

𝑆ீ =
ଶ ீభ ீమ ା మ்

ீభ
మାீమ

మା మ்
                                    eq. 5.12 

Where, 𝑇ଶ is a positive constant depending on the gradient magnitude values dynamic ranges. 

Next 𝑆௣௖  and 𝑆ீ are combined to calculate the similarity between the images: 

𝑆௅(𝑥) =  ൣ𝑆௣௖(𝑥)൧
ఈ

 . [𝑆ீ(𝑥)]ఉ           eq. 5.13 

Here, α and β are parameters used to control the relative importance of phase congruency and 

gradient magnitude features.  

 

 

 



 

 

Chapter 5 Identification and Evaluation of Doubling Printing Defect using Image Quality Metrics 

95 Ph.D. Thesis Submitted by: Jayeeta Saha 

5.5  Result and Discussion 

The proposed method [114] is extensively tested on a diverse set of samples collected from 

commercial offset presses, with a primary focus on newsprint. To ensure a cost-effective and 

automated approach, a 48-megapixel mobile camera is utilized within a custom-built 

experimental setup (Figure 3.3) illuminated under standardized D65 lighting conditions. The 

use of a mobile camera highlights the practicality and affordability of this detection method, 

making it accessible for widespread implementation. 

Here, the results and analysis of the tested images is presented, showcasing the effectiveness 

and reliability of this approach. Figure 5.4, 5.5, 5.6, 5.7, 5.8 and 5.9 illustrate the detailed results 

for four representative samples, encompassing both text-based and image-based prints. 

 

 

 

  

 

Figure 5.4 Resulted Images of Doubling Defect Detection (Sample 1) 
(a) Original Print Image (b) Gray Scale Image (c) Foreground Image 

(d) Detected Edge of Double Print Text (e) ROI-1 (f) ROI-2. 
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Figure5.5 Resulted Images of Doubling Defect Detection (Sample 2) 
(a) Original Print Image (b) Gray Scale Image (c) Foreground Image 

(d) Detected Edge of Double Print Text (e) ROI-1 (f) ROI-2. 
 

Figure 5.6 Resulted Images of Doubling Defect Detection (Sample 3) (a) 
Original Print Image (b) Gray Scale Image (c) Foreground Image (d) 

Detected Edge of Double Print Text (e) ROI-1 (f) ROI-2. 
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Figure 5.8 Resulted Images of Doubling Defect Detection (Sample 5) 
(a) Original Print Image (b) Gray Scale Image (c) Foreground Image 

(d) Detected Edge of Double Print Text (e) ROI-1 (f) ROI-2. 
 

Figure5.7 Resulted Images of Doubling Defect Detection (Sample 4) (a) 
Original Print Image (b) Gray Scale Image (c) Foreground Image (d) 

Detected Edge of Double Print Text (e) ROI-1 (f) ROI-2. 
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Figure 5.4, 5.5, 5.6 and 5.7 samples are text-based image. In Figure 5.4(a), the captured RGB 

image of a double-printed text sample is presented. To detect the edges of the double-printed 

area, the image is converted to grayscale, as shown in Figure 5.4(b). Adaptive thresholding is 

applied to segment the foreground, producing the image in Figure 5.4(c). Following 

morphological and logical operations, the detected edge of the doubling defect is displayed in 

Figure 5.4(d). Figure 5.4(e) and 5.4(f) show the cropped Regions of Interest (ROIs) extracted 

from the detected edges. These ROIs are compared using the Structural Similarity Index 

(SSIM) algorithm, Mean Square Error (MSE) and Feature Similarity Indexing Method (FSIM). 

In Figure 5.8, 5.9 other sample of image-based images are shown. The same procedure is 

followed for these samples also. Here also print quality metrics are applied to assess the 

similarity percentage into the cropped region of interests. Similarity percentage results are 

given in Table 5.1.  

Figure 5.9 Resulted Images of Doubling Defect Detection (Sample 6) 
(a) Original Print Image (b) Gray Scale Image (c) Foreground 

Image (d) Detected Edge of Double Print Text (e) ROI-1 (f) ROI-2. 
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The similarity percentage calculated using the SSIM algorithm is proposed as a reliable metric: 

 If the SSIM percentage is ≥90%, the tested ROIs are considered structurally identical; 

otherwise, they are identified as different. For the text-based sample, the structural 

similarity exceeded 95%, demonstrating high accuracy in detecting doubling defects. 

This highlights the potential of this method to outperform subjective measurement 

techniques. According to the results shown in Table5.1 Figure 5.4(e) and (f) the 

structural similarity percentage based on SSIM algorithm is 98%. For Figure 5.5(e) and 

(f) SSIM percentage is 97%. Another two samples (Figure 5.6 and 5.7), the tested ROI 

has similarity of 98% and 97% respectively. Whereas, the two cropped region in Figure 

5.9 has less than 90 percent structural similarity based on contrast, luminance and 

structure 

Mean Square Error (MSE) is one of the most commonly used tools for assessing image quality, 

as it represents the absolute pixel-wise error between two images. In this study, MSE is applied 

to the cropped Regions of Interest (ROIs) extracted from double-printed edges. The resulting 

value indicates the degree of error, with a value closer to zero signifying better similarity 

between the compared regions. However, MSE has limitations—it provides only a measure of 

absolute error and is not normalized, making it less informative for detailed assessments of 

image quality. In contrast, Structural Similarity Index (SSIM) and Feature Similarity Indexing 

Method (FSIM) offer more sophisticated evaluations, as they are normalized and focus on the 

perceptual features and structural integrity of the images. These metrics are particularly suited 

for tasks where repeatability of patterns, such as the edges of printed pixels, is crucial for 

detecting defects. The result depicted the same. According to the findings in table 5.1 in Figure 

5.4. 5.5,5.6,5.7 and 5.8, FSIM supports the results got from SSIM algorithm whereas MSE 

gives only the absolute error between the cropped regions.  

Figure 5.8 and 5.9 samples are image-based sample. For an image-based doubling defect, 

Figure 5.8(a) shows the original RGB image of the defected sample, while Figure 5.8(b) 

illustrates the corresponding grayscale image. After applying thresholding, the segmented 

foreground is presented in Figure 5.8(c), and the detected edge of the doubling defect is shown 

in Figure 5. 8(d). Figure 5.8(e) and 5.8(f) depict the cropped ROIs, which are analysed for 

structural similarity using SSIM, resulting in a similarity percentage of 90% and for Figure 5.9 

sample structural similarity based on SSIM algorithm is 87 %. FSIM also supports this resulting 

fact. Due to the complex nature of overlapping edges in image-based doubling defects, the 
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accuracy of edge detection and similarity measurement is somewhat reduced compared to text-

based samples. Despite this, the proposed method remains effective, particularly for 

quantitative assessments. 

 

 

 

Sample MSE FSIM 
(in percentage) 

SSIM  
(in percentage) 

Sample 1 (Figure 5.4) 22.20 96 98 

Sample 2 (Figure 5.5) 22.75 97 97 

Sample 3 (Figure 5.6) 14.09 95 98 

Sample 4 (Figure 5.7) 14.63 95 97 

Sample 5 (Figure 5.8) 12.34 86 90 

Sample 6 (Figure 5.9) 13.15 72 87 

 

 

The results presented in Table 5.1 underscore these findings: 

 MSE provides only a numerical measure of absolute error, which, while useful for basic 

error quantification, does not reflect the perceptual quality or structural alignment of 

the images. This limits its applicability for detecting doubling defects. 

 FSIM outputs align well with the similarity percentages obtained from SSIM, 

confirming that FSIM supports feature-based similarity in the tested samples. However, 

its lack of sensitivity to contrast and luminance variations makes it less ideal for this 

specific application. 

 SSIM demonstrates superior performance for doubling defect detection, as it accounts 

for all three factors—contrast, luminance, and structural correlation. This holistic 

approach ensures a more accurate representation of the similarity between double-

printed edges, particularly in scenarios where precise detection is critical. 

 

 

 

Table 5.1 Result of MSE, FSIM, SSIM for Doubling Print Image Samples 
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5.6  Conclusion 

This paper presents a novel approach for identifying doubling print defects using the Structural 

Similarity Index (SSIM) algorithm. The proposed technique is rigorously tested on a variety of 

samples collected from offset presses, demonstrating its robustness and applicability. By 

implementing the detection process entirely within the MATLAB environment, the method 

significantly reduces manual intervention, making it a more efficient alternative to traditional 

subjective measurement techniques. 

The key advantages of the proposed technique are, the automation and efficiency ensuring 

minimal manual effort and enabling faster detection of print defects. The approach lays the 

foundation for a mobile application, which could further streamline the defect detection, 

reducing the time required for problem identification and ensuring consistent production of 

high-quality prints. The incorporation of artificial intelligence offers exciting possibilities for 

improving defect detection and enabling advanced functionalities, such as automated 

correction of doubling defects. 

The results validate the potential of the proposed approach, particularly for text-based images, 

where the SSIM algorithm excels in identifying structural similarities between double-printed 

edges. However, for image-based doubling defects, certain limitations are observed. Structural 

similarity measurement for overlapping edges in complex images remains a challenge. 

Moreover, the inability to achieve 100% similarity between edge patterns highlights the need 

for further refinement, potentially through post-processing operations. Despite these 

limitations, the effectiveness of SSIM is clearly established when compared to other image 

quality assessment metrics, such as Mean Square Error (MSE) and Feature Similarity Indexing 

Method (FSIM). Unlike these alternatives, SSIM provides a more perceptually aligned 

evaluation by factoring in contrast, luminance, and structural variations of double-printed 

edges. In conclusion, the SSIM-based approach offers a more reliable method for detecting 

doubling print defects, outperforming traditional techniques. The work opens places for future 

research, including the method of removing double printed text or images by reconstructing 

the original image. Also, the usage of artificial intelligence can make the doubling defect 

detection procedure more accurate with automated defect correction optimizing the overall cost 

of printing process and enhancing the quality of printed product.   
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6.1  Introduction 

Misregistration can occur during the print production of various applications such as 

newspapers, magazines, book printing, and package printing. Misalignment or improper 

superimposition of colors during multicolour printing [107] can result in print misregistration. 

While it can happen in any printing process, it is more likely in lithography due to the presence 

of the water fountain solution [107]. This can result in distorted or blurred prints that affect the 

visual presentation as well as quality of the final product [2]. Mostly in printing presses 

registration marks is verified by using linen glass to check the misalignment of colors. Figure 

6.1(a) and Figure 6.1(b) depicts the perfectly registered and misregistered image of registration 

marks. 
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Paper exhibits a characteristic known as hysteresis [4], meaning its dimensions is related to its 

history or previous conditions like storage environment or conditions. The hysteresis nature of 

paper refers to the phenomenon where the material's properties, particularly its dimensions 

(such as thickness, length, and width), depend not only on the current environmental conditions 

(like humidity or temperature) but also on its past conditions. When paper absorbs or loses 

moisture, its dimension changes, but this process is not completely reversible. The response of 

the paper to changes in humidity or moisture content, is different when these atmospheric 

conditions are increasing or decreasing, creating a lag or hysteresis effect. 

For example, if the humidity increases, the paper may expand, but when the humidity 

decreases, the paper does not immediately return to its original dimensions. The difference in 

behaviour during these cycles is the hysteresis effect. This characteristic is important in the 

paper industry because it can influence the dimensional stability and accuracy of printing, 

storage, and handling, especially in environments with fluctuating humidity levels [4]. 

There are several reasons for the changes in the dimension of the paper. One of them is moisture 

imbalance between pressroom and paper [106]. According to the relative humidity in air, paper 

may shrink or expanded. Therefore, relative humidity of the pressroom is always monitored by 

the press operator. Paper may pick up or lose moisture from air and according to that it may 

enlarge or shrink [4] [106]. In winter the relative humidity is too low which will cause problems 

with static electricity and tight edged sheets. As a result, misregister or wrinkles occurs. 

Therefore, moisture should be added to the environment to avoid this kind of problem during 

Figure 6.1 Registration Marks (a) Perfect Registration; (b) Misregistration 
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production [4]. Moreover, there is a chance to receive cartons of paper which may not be flat 

because of packing conditions. So before packing, make sure that the paper must be in a 

moisture-vapor barrier to avoid any gain or loss of moisture [4].  High relative humidity can 

cause wavy edged sheets and also slow down the drying process of ink [4]. Misregister can 

occur if printers do not have temperature and humidity- control systems fitted, particularly in 

their paper store room [107].  

Cellulose fibres are cylindrical [4]. Paper is formed by crisscrossing and interlocking between 

these fibres. But the fibres tendency of alignment is always in the direction of the paper web 

travels through the paper machine [4]. Grain of paper is created from this fibre alignment. The 

edge of the paper web is parallel to the grain direction. When paper absorbs moisture, the fibres 

swell more across the width than in length. It expands in the grain direction two to eight times 

than original [4]. Therefore, in sheetfed presses the paper is cut in a way that the grain direction 

should be parallel to the long side of sheets [4]. In offset printing paper used is also long grain, 

where the grain is in long dimension of the sheets and also parallel to the face of the press 

cylinders. Dimension changes like expansion of paper due to water absorption in long grain 

sheet can be compensated by shifting the cylinder packing under the plate and blanket [4] [106]. 

However, in short grain paper dimensional changes occur from side to side which cannot be 

compensated in any way [4]. Due to moisture absorption long grain paper will have waviness 

around the cylinder direction. Therefore, there is a good chance of paper being ironed out from 

the gripper to the trailing edge avoiding wrinkling or misregister [106]. 

Therefore, to avoid such kind of print defect, the pressrooms should be air-conditioned where 

the relative humidity and temperature of air can be controlled. Paper should have slightly higher 

(about 5%) [106] relative humidity than the pressroom relative humidity. Usage of water in 

fountain solution should be minimized by alcohol or an alcohol substitute to keep the plate 

clean and thus reducing the possibilities of such kind of print defect. [106].   

Mechanical stretching [116] of press sheet is another reason behind the misregister in printing 

[106]. In offset printing, while separating paper from blanket, it tends to stretch in the direction 

of its travel. For long grain paper the sheet ironed out and regains its original dimension as long 

as the stretching of paper is not beyond its elastic limit. If the stretch is beyond the elastic limit, 

it can cause permanent dimensional change. Mostly in a multicolour press stretching occurs in 

first printing unit due to mechanical stress as well as absorption of fountain solution. If this 

happens, the succeeding colors are printed wider while the first one print short. And it becomes 
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difficult to register all the colors properly that leads to misregistration. This situation can be 

handled by the operator by packing the plate and blanket [106]. 

In web printing to maintain register the paper must run without weaving through the press 

[106]. Inadequate web tensions, wound rolls, malfunctioned devices can cause weaving. Side-

to- side misregister can occur due to uneven moisture content across the web, tight or baggy 

edges at roll ends, unwrapped rolls leaving in a high humidity area causing distortions. when 

web tension is lower in printing units than at the infeed, the width of the web increased after 

first color is printed. And as a result, the succeeding colors are printed short which leads to 

misregistration. To avoid this situation, bustle wheels [106] are used in the centre of the web 

ahead of later printing units to narrow the web, increasing the printing width. 

Sheet to sheet misregister occurs generally in lightweight papers. Primarily it happens in the 

around-the-cylinder direction but it becomes worst in the back edges of the sheet. While ironed 

out the sheet, by differences in sheets because of multiple-roll sheeting or lack of flatness in 

sheet this kind of misregister occurs. To minimize this kind of problem printers can run with a 

minimum of back-cylinder pressure, using lowest tack ink, using lower –tack blanket and run 

the paper through the press without printing prior to actual pressrun. It is recommended that 

paper should run through the press prior to actual press-run can minimize the chances of sheet-

to-sheet misregister [106].   

       

6.2 Problem Statement 

Generally, in printing presses misregistration print defect identification is done manually that 

depends on the ability of a person’s identification capacity and can be varied man to man. This 

conventional identification procedure is very much time consuming and relies on individuals’ 

ability. Moreover, there is no particular way to detect that how much color or which color is 

shifted except eye assumption. And according to the operator’s ability of prediction the 

necessary step in particular press unit is taken to rectify this kind of print defect. There is no 

other standard procedure where the shifting can be measured or quantified without human 

intervention. Therefore, in this presented experimental work identification and quantification 

of colors has been done. But the challenge comes while processing the image digitally as the 

whole process has to deal with four colors: Cyan, Magenta, Yellow and Black. For 

quantification purposes, the printed samples’ images are digitally acquired in the RGB color 

space. But the actual color shifting happens in CMYK color space in printed sample as printing 
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is done in CMYK color space. Therefore, RGB image has to convert again into CMYK color 

space in digital platform where there is a chance of degradation in color values during 

conversion process. Moreover, real life offset test samples contain other print problems besides 

misregistration which can hinder the process of identification and quantification of shifting of 

colors.   

 

6.3 Sample Preparation  

For this experimental work, the printed samples are collected from different offset printing 

presses. All sample used for this study are real-life samples. Image acquisition of these samples 

is done by using mobile camera with 48-megapixel resolution and in D65 illumination. The 

whole camera setup is made with a simple handmade approach (Figure 3.3), where camera is 

placed in the top and the sample is placed right under the camera. The distance between camera 

and samples are same for each tested sample.  

 

6.4 Proposed Method  

The steps of presented method [117] for identification and quantification of colors of printed 

sample image is shown in Figure 6.2. All the real-life samples used in this experimental work 

are collected from offset commercial presses. Digitization or acquisition of printed sample 

images is done by using mobile camera with 48 megapixels with D65 illumination. The whole 

experiment is done in MATLAB programming software. Here each step of proposed method 

is described briefly. Regarding this context, here in this experiment two distance metrics are 

considered to prove the strength of proposed method. One is Euclidean distance metrics and 

another one is Manhattan distance metrics. Prior to distance measurement the same steps are 

followed for both these two distance metrics.  
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6.4.1 Image Acquisition and Conversion 

After collecting printed image samples, it is needed to be converted into digital image for 

performing any image processing operations. For the digitization of printed samples, a mobile 

camera with 46-megapixel resolution in D65 illumination is used. After image acquisition the 

digital images are used for further operations. Now as in misregistration the shifting of colors 

happens in four color that is cyan, magenta, yellow and black, acquired RGB digital image has 

to be converted into CMYK color space to detect the misalignment. Therefore, in next step 

RGB image is converted into CMYK color space. But the problem arises during the conversion 

process because there are chances of degradation of the color values. Therefore, a profile-based 

conversion has been done to convert the RGB image into CMYK color space.  

RGB (Red, Green, Blue) is an additive color [110] model commonly used in devices such as 

screens, monitors, and digital cameras. In this model, colors are created by combining light in 

varying intensities of red, green, and blue. The absence of all colors, represented as (0, 0, 0), 

produces black, while the presence of full intensity, represented as (255, 255, 255), creates 

white. Whereas, CMYK (Cyan, Magenta, Yellow, Black) is a subtractive color model [110] 

primarily used in color printing. In this model, colors are created by subtracting light from 

white through the use of cyan, magenta, yellow, and black inks. The absence of all inks results 

Figure 6.2 Flow Chart of Proposed Method of Misregistration 
Printing Defect Detection 
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in white, (assuming white paper is used), while full ink coverage produces a rich black. Now 

the challenge arises because direct translation between the two models is not feasible due to 

differences in their color gamut’s, or the range of colors they can represent. RGB can produce 

more vivid and diverse colors than CMYK, making conversion essential for adapting digital 

designs for printing while maintaining as much color accuracy as possible. To address these 

challenges, tools like International Color Consortium (ICC) profiles [118] are employed to 

standardize color reproduction across different devices and ensure consistency. 

International Color Consortium (ICC) [118] has developed such standards and architectures 

which supports color management transforms and workflows. The architecture incorporates 

two basic components: one is called profile and the second component is Color Management 

Module (CMM) [118]. Profile contains information concerning the transform which is input or 

source profiles and output or destination profiles. According to the International Color 

Consortium (ICC), the color management system uses device profiles in the form of look-up 

tables, metrics etc [118].  ICC profile performs two operations during the color transform. First 

its co-ordinates transformations where device color code values relate to colorimetric code 

values in the Profile Connection Space (PCS) [118]. PCS serves as an intermediate color space 

during color transformations between different color profiles. When converting colors from 

one color space to another using ICC profile, the colors are first converted to the PCS which is 

a standardized color space designed to be device independent. And second operation is color 

rendering or re-rendering. In color rendering the colorimetry of an original color values is 

changed to better suited reproduction medium [118].  

Color Management Module; the second component of the ICC architecture performs the actual 

processing of image data through profiles [118] [119]. Basically, CMM is a software 

component which is responsible for handling color transformations and representations across 

different devices. The CMM translates colors between various color spaces by applying 

rendering intents which defines how out of gamut colors are handled during color conversion. 

It performs gamut mapping to adjust the out of gamut colors that fall outside the gamut of the 

destination device or color space [120]. Therefore, it can be said that CMM are crucial for 

maintaining color consistency in workflows of digital imaging, printing and other applications 

related to color. Overall color management environment is based on profiles and CMM where 

color-image data can be interchanged among imaging systems.  
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Here in this presented work the color conversion from RGB to CMYK color space has been 

done using ICC profiles. All the tested samples used in this work are offset sheetfed, therefore, 

the conversion has been done according to that printer profile. Otherwise, the converted CMYK 

color spaced image data may lose some information related to color profile.      

 

6.4.2 Color Channel Separation and Centre Point Identification 

After image conversion, color channels are separated. Separation of CMYK color channels 

involves isolating the cyan, magenta, yellow and black components of an image. In image 

processing, this process is done to work with individual channels and their information. 

Generally, in misregistration misalignment of colors occurred. Whereas, registered images have 

superimposed colors. Therefore, it is necessary to segregate each channel to determine the 

shifting of colors. Mostly in four color printing, which is also known as CMYK printing, Cyan 

represents the blue green spectrum, Magenta represents the purplish-red spectrum, yellow 

represents the yellow spectrum and black represents the black [110] [120]. Each color is printed 

as a separate layer in a specific order. And during printing the colors are superimposed together 

to produce final full-color image. Therefore, shifting of any colors can only be detected if they 

are separated. Overall, color channel separation is a crucial step in the preprocessing workflow 

of detection of misregistration. Now after the color channel separation it is needed to find the 

centre point of each channel. In multicolour printing, as colors are superimposed, each color 

unit is positioned on top of its succeeding color unit. Therefore, it can be said that in registered 

image, the centre point of each color channel passes through all the four-color channel at same 

Cartesian point. If misregister in any color unit happens, then that particular color unit will have 

slight displacement from the other color channels centre point. Therefore, it is necessary to find 

the centre point of each color unit. 

Now to find the centre point of each individual channel of CMYK,  

I. First represent the image as a matrix where each element corresponds to a pixel intensity 

value. Here dimensions of each channel image are same. Therefore, size of the matrix will 

be same for each channel.  

II. Next the 2D image matrix is converted or flattens into 1D array. Then sort each flattened 

array to arrange the pixel intensity values in ascending or descending order. If the number 

of pixel values (suppose N) in a color channel is odd, then the median index will be (N/2). 

If N is even the average of the two middle values is chosen.  
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III. Now this pixel values must be converted into co-ordinates to locate the point. The median 

index corresponds to a pixel at (i, j), where i is (median index |M|) and j is (median index 

|M|). Here M represents the number of rows in the 1D array.  

IV. Repeat the steps for each color channel of the image. As a result, median point co-

ordinates of each color channel are found which is also said to be the center point of 

individual color channel. 

This process is useful for various applications in image processing to analysis the image for 

further operation. Here in this experimental work, Euclidean and Manhattan distance between 

each color channel’s centre point is measured to identify the misalignment of colors. As there are 

four color channels, so the selected combination of color channels for the distance measurement 

are like CM, MY, YK, CK, CY and MK. If the tested image is properly registered, then the 

distance (centre to centre) between these channels will be zero or else the resulted distance shows 

how much color is shifted from each other. In Figure 6.3, the separated CMYK channels are 

shown. The centre point P is considered for C- channel and Q is considered as centre point of M- 

Channel.          

 

6.4.3 Euclidean Distance Measurement 

 

  

Figure 6.3 Euclidean and Manhattan Distance Between CMYK 
Color Channels 



 

 

111 Ph.D. Thesis Submitted by: Jayeeta Saha 

Chapter 6 Identification and Evaluation of Misregistration Printing Defect 

Now to identify and quantify the misregistration according to the proposed method, distance 

between centre points of each channel is measured by using Euclidean distance metrics. 

Euclidean distance [75] is a fundamental concept in geometry and has various applications in 

image processing and machine learning. It is the most common method of calculating distance 

between two points in a Cartesian co-ordinate system. Moreover, in the field of computer 

vision, operations like image analysis, measuring differences between images, object 

recognition, there is an extensive usage of Euclidean distance metrics. 

Let’s assume in Figure 6.3 C-channel has the centre point P (p1, p2) and similarly M-channel 

has the centre point Q (q1, q2). Then the Euclidean distance [75] between P and Q can be 

measured as:    

𝐸𝐷(𝑃, 𝑄) =  ඥ(𝑞ଵ − 𝑝ଵ)ଶ  +    (𝑞ଶ − 𝑝ଶ)ଶ               eq. 6.1 

This formula (eq. 6.1) generalizes to higher dimensional spaces as well. It calculates the straight 

–line distance between two points in Euclidean space. The square root of the distance ensures 

that the result is a positive value providing a measure of the magnitude of the vector between 

the two points.   

Despite all the application in various fields there are some limitations that can affect certain 

performance. Euclidean distance assumes that there is linear relationship between features. In 

case of non-linear relationships, it may not give accurate results.   

After separation of each color channel Euclidean distance is measured with every possible 

combination of colors like CM, MY, YK, CK, CY and MK. The results are shown in Table 6.1 

and 6.2 for misregistered and registered sample respectively. if the outcome of the Euclidean 

distance between two channel is zero then it can be said that those color channels are 

overlapped with each other. Otherwise, there is misregister in that particular color channel.     

 

6.4.4 Manhattan Distance Measurement 

Manhattan distance [75] is a metric which is used to measure the distance between two points 

in a grid-like space. The grid-based movement can only occur along orthogonal pathway like 

up, down, right and left. It is also called ‘city block distance’. Here in this experiment despite 

Euclidean distance metric, Manhattan distance metric is also used to measure the color shifting 

in a printed sample image. In Figure 6.3, the distance between P and Q can be measured as: 
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𝑀𝐷(𝑃, 𝑄) =  |𝑞ଵ − 𝑝ଵ| + |𝑞ଶ − 𝑝ଶ|                  eq.  6.2 

 

 Mathematically, the Manhattan distance (eq. 6.2) between two points in a 2D Cartesian co-

ordinate system is calculated as the sum of the absolute differences of their respective co-

ordinates [75]. Visually it represents the shortest path between two points travelling through 

horizontally and vertically. Manhattan distance between any two points is always non-negative 

and symmetric. This property is true regardless of the orientation of the grid or co-ordinate 

system and also consistent. But this distance metrics have orthogonal dependency. That means 

it is sensitive to changes in the orthogonal direction. This property makes Manhattan distance 

suitable for grid-based environments where movements are constrained to these directions. 

There are various applications of Manhattan distance in the field of image processing and 

computer vision tasks like edge detection, segmentation and object recognition. It helps to 

measure the similarity between pixel values or features in images. Moreover, it is applied in 

urban planning and geographical analysis, clustering algorithm, grid-based game development 

etc. The simplicity, computational efficiency and suitability in grid-like structures make the 

application of Manhattan distance metrics versatile with widespread utility in diverse fields. In 

Table 6.1 and 6.2 the distance between four color channels for misregistered and registered 

samples are shown respectively. Depending on the outcome the misregister in any color 

channel can be detected.     

 

6.5 Result and Discussion 

The presented method is tested with numerous samples collected from commercial offset 

presses. A mobile camera with 48 megapixel and D65 illumination in a handmade experimental 

set up is used to capture the digital form of these samples. The main purpose behind using 

mobile camera is to make the procedure of detection cost effective with an automated approach. 

Here some of the tested image’s result and discussion are given below. 

 

6.5.1 Result and Discussion for Misregistered Sample 

Here some of the tested Misregistered sample images with their respective images in CMYK 

color space are shown in Figure 6.4, 6.5 ,6.6 and 6.7. 
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Figure 6.4 Misregistered Sample 1: (a) Original Image; (b) Converted CMYK Image; 
(c) Image in C-channel; (d) Image in M- channel; (e) Image in Y-channel; (f) Image in 

K-channel. 

Figure 6.5 Misregistered Sample 2: (a) Original Image; (b) Converted CMYK Image; 
(c) Image in C-channel; (d) Image in M- channel; (e) Image in Y-channel; (f) Image in 

K-channel. 
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Figure 6.6 Misregistered Sample 3: (a) Original Image; (b) Converted CMYK Image; 
(c) Image in C-channel; (d) Image in M- channel; (e) Image in Y-channel; (f) Image in 

K-channel. 

Figure 6.7 Misregistered Sample 4: (a) Original Image; (b) Converted CMYK Image; 
(c) Image in C-channel; (d) Image in M- channel; (e) Image in Y-channel; (f) Image in 

K-channel. 
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In Figure 6.4 (a) sample of Misregistered printed image in RGB color space after image 

acquisition is shown. Next the RGB image is converted into CMYK color space which is shown 

in Figure 6.4 (b). Now as per the proposed method the converted CMYK image is separated 

and sliced. Figure 6.4 (c), Figure 6.4 (d), Figure 6.4 (e) and Figure 6.4 (f) depicts the image in 

C, M, Y and K channel respectively. Now considering each color channel separately (the 

images are of same size) the centre point is identified. After that, Euclidean and Manhattan 

distance between the channels from one channel’s centre point to another channel’s centre point 

is calculated. Though visually this printed image sample does not depict any color sifting but 

if it is tested with conventional way through linen glass then it shows the misalignment of 

colors. This fact is also supported by the results calculated by Euclidean and Manhattan 

distance metrics shown in Table 6.1. The results of Euclidean distance show the presence of 

misregistration as well as quantifying the amount of misregistration. The same fact is also 

proven by Manhattan distance metrics and it supports the result of Euclidean distance metrics 

measurement. For this sample, it is shown that cyan channel is superimposed with magenta 

channel. Whereas other color channel has distance and can be said that they are misregistered. 

Therefore, the potential of using these two-distance metrics proves its strength in quantification 

of color that is how much and which color channel is shifted during the process. Whereas in 

conventional way operator can only identified the color shifting which takes time to identify 

and depends on their ability of detection. Euclidean and Manhattan distance is measured in 

pixels (Table 6.1). However, the distances measured using Euclidean and Manhattan metrics 

can be converted into inches by dividing them by the resolution of the sample images 

(measured in pixels per inch, PPI or DPI). 

In Figure 6.5, another misregistered printed image sample is shown with their individual image 

in CMYK color channels. Misregister in this sample is also not possible to identify with naked 

eye and can be considered as a good copy mistakenly. But if it is tested through linen glass 

misregistration of colors will be shown. The computed result in Table 6.1 depicts the 

quantification of color shifting. The result shows that none of the color is aligned with each 

other. Both the distance metrics measure distance between color channels. This much 

misregister is unacceptable in any way. Therefore, the necessary action should be taken 

according to the result of color shifting.  

In Figure 6.6, misregistration of sample image affects the visual appearance and readability of 

the printed matter. Moreover, presence of noise is also responsible for affecting the print quality 

of the image. The result of Euclidean and Manhattan distance metrics (Table 6.1) shows that 
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all channels in this sample image are misregistered with each other. As the amount of 

misregistration is more in this printed image, the misalignment of colors can be identified 

visually to some extent. But how much or particularly in which color channel misregistration 

happens can only be identified through this proposed method.  

In Figure 6.7 another sample image of misregistration is shown. The Euclidean distance metrics 

(Table 6.1) shows that only magenta and yellow channel are superimposed. The other distance 

metrics that is Manhattan distance also depicts the same fact. The amount of color shifting in 

this image affects the visual appearance and readability with naked eye.   

 

Table 6.1:  Euclidean and Manhattan distance between color channels in CMYK color space for misregistered 
sample 

 

 

 

6.5.2 Result and Discussion for Registered Sample 

Here some of the tested registered sample images with their respective images in CMYK color 

space are shown in Figure 6.8, 6.9 and 6.10.   

Sample CM CY CK MY MK YK CM CY CK MY MK YK 

Euclidean Distance  Manhattan Distance 

Sample 1 
(Figure 

6.4) 0 12.16 73.76 12.16 73.76 61.68 

 
 

0 

 
 

14 

 
 

91 

 
 

14 

 
 

91 

 
 

77 
Sample 2 
(Figure 

6.5) 

 
10.198 

 
3.60 

 
146.932 

 
7 

 
155.438 

 
148.929 

12 5 193 7 201 194 
Sample 3 
(Figure 

6.6) 135.203 121.276 107.365 38 35.117 17.923 184 146 136 38 47 23 
Sample 4 
(Figure 

6.7) 22.825 
22.825 

 
94.366 

 0 
116.481 

 
116.481 
 31 31 113 0 144 144 
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Figure 6.8 Registered Sample 5: (a) Original Image; (b) Converted CMYK Image; (c) Image 
in C-channel; (d) Image in M- channel; (e) Image in Y-channel; (f) Image in K-channel. 

 

Figure 6.9 Registered Sample 6: (a) Original Image; (b) Converted CMYK Image; (c) 
Image in C-channel; (d) Image in M- channel; (e) Image in Y-channel; (f) Image in K-

channel. 
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The printed sample images shown in Figure 6.8, 6.9 and 6.10 are registered printed products 

and considered as good copies. Table 6.2 shows the result of Euclidean distance and Manhattan 

distance measurement of these samples. Visual appearance of these samples is better however 

the results show some misregistration is present in black channel only. This much 

misregistration is negligible and does not affect the quality of the product output. The distance 

between other channels is zero which depicts other color channels are superimposed and 

registered properly. Therefore, it can be said that though there is some misregistration in black 

channel but as the other channels are properly aligned with each other, visually the image 

appears as good and considered for quality output.      

 

 

Figure 6.10 Registered Sample 7: (a) Original Image; (b) Converted CMYK Image; 
(c) Image in C-channel; (d) Image in M- channel; (e) Image in Y-channel; (f) Image in 

K-channel. 
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Sample CM CY CK MY MK YK CM CY CK MY MK YK 

Euclidean Distance  Manhattan Distance  

Sample 5 
(Figure 

6.8) 

0 0 0.5 0 0.5 0.5 0 0 0.5 0 0.5 0.5 

Sample 6 
(Figure 

6.9) 

0 0 133.6
6 

0 133.6
6 

133.6
6 

0 0 154 0 154 154 

Sample 7 
(Figure 
6.10) 

0 0 0.7 0 0.7 0.7 0 0 1 0 1 1 

 

 

6.6 Conclusion 

Quality of image in terms of visual appearance and readability is affected for many reasons. 

Misregistration printing defect is one of the print defects which causes blurred image or fuzzy 

image and as a result it affects the visual quality of the printed material. Generally, in offset 

print production, when colors are not aligned properly this printing defect occurs. Generally 

linen glass is used in industry to check the alignment of colors. That means identification of 

misregistration depends on manual efficiency or the ability of identification of the press 

operator. There is no such way to quantify the shifting of colors or measure how much color is 

shifted or which color is shifted. Here in this presented work Euclidean and Manhattan distance 

metrics is used to quantify the amount of misregistration in CMYK color space. This proposed 

method can be a potential alternative for less manual approach with a proper quantification of 

this print problem. Conventional way of detection of misregistration is time consuming 

whereas this presented approach based on image processing and computer vision method 

becomes popular research direction.  

 

 

Table 6.2: Euclidean and Manhattan distance between color channels in CMYK color space for 
registered sample 
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8.1 Introduction 

Printing technologies have evolved significantly, driven by the digital revolution, necessitating 

advanced quality monitoring to meet customer expectations. Print quality, defined by visual 

and functional excellence, depends on factors such as substrate properties, ink formulation, 

process parameters, and environmental conditions. Traditional quality assessment methods, 

reliant on manual inspection and costly tools. Manual inspection has limitations in accuracy, 

efficiency, and scalability, especially in high-speed, large-scale production and costly 

instruments need huge initial investment and maintenance cost.  

This study explores the application of computer vision (CV) techniques for automated print 

quality assessment and defect detection. Maintaining high-quality standards requires 

manufacturers to identify and rectify defects promptly during print production. Traditional 

quality control methods, often fall short of meeting the accuracy, speed, and consistency 

demanded by modern production environments. To address these challenges, advanced 

technologies like computer vision and deep learning have become indispensable, enabling 

printers to achieve precise, efficient, and reliable defect detection and correction. 

Computer Vision leverages advanced algorithms to analyse visual data, offering objective, 

consistent, and repeatable evaluations while reducing human intervention. It efficiently 

identifies defects, such as scumming, showthrough, misregistration etc. and, and provides 
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insights into their correlation with substrate and ink properties. Compared to conventional 

methods, Computer Vision systems enhance processing speed, reduce operational costs, and 

deliver reliable quality control, representing a transformative solution for the printing industry. 

 

8.1.1 Discussion on Scumming Printing Defect Detection 

In offset lithography, the scumming print defect occurs when the non-image areas of the image 

carrier accept ink and transfer it to the blanket. This defect compromises the quality of the 

printed image, negatively impacting readability. Additionally, the presence of scumming pixels 

can interfere with archival processes, such as scanning and optical character recognition 

(OCR). Various press conditions contribute to this phenomenon. Typically, such printing issues 

are identified manually, and preventive measures are implemented based on the specific factors 

causing the defect. However, there is no standardized procedure for detecting scumming 

defects apart from visual assessment. 

This study introduces a novel approach to address this limitation by proposing an automated 

defect detection system, which minimizes human error. The method employs a computer 

vision-based technique to evaluate scumming defects and quantify their occurrence, offering 

significant improvements over existing manual detection methods. For this study the real-life 

samples are used collected from offset presses and mobile camera is used for acquisition of 

those collected printed samples making the procedure a mobile based approach. Identifying 

scum pixels is challenging because the density difference between scum and print pixels is 

often minimal. Furthermore, pixel intensity variations across different types of images 

complicate the segregation process. To overcome this challenge here in this study a proposed 

range of intensity is introduced tailored for high-key, low key and mid key images which helps 

to segregate scumming pixel from print pixel more accurately. Moreover, application of bit 

plane slicing and automated bit plane selection helps to extract most relevant information from 

the bit plane for better identification minimizing the manual intervention. This study finds the 

suitable application of Discrete Cosine Transform and Inverse Discrete Cosine Transform to 

identify the print pixel discarding unwanted frequency components [105]. This combination of 

DCT and IDCT ensures a clean and accurate reconstruction of the print, enhancing accuracy of 

defect detection and maintaining the integrity of the printed content. Besides identification of 

scumming printing defect, quantitative measure of scumming in the printed samples, ensures 

consistency and accuracy in defect evaluation. The results demonstrate the effectiveness of the 



 

 

172 Ph.D. Thesis Submitted by: Jayeeta Saha 

Chapter 8 Discussion and Conclusion 

proposed algorithm compared to current subjective methods ensuring that the proposed method 

is less time consuming in terms of computational load and is cost effective.  

 

8.1.2 Discussion on Showthrough and Strikethrough Printing Defect Detection 

A relatively simple approach [109] for detecting showthrough and strikethrough print defects 

using a computer vision method is presented. Showthrough and strikethrough are common 

printing issues, typically related to the opacity and porosity of paper. Under normal lighting 

conditions, showthrough refers to the visibility of printing on the reverse side of printed paper, 

while strikethrough occurs when ink penetrates through the paper to the other side. Mostly in 

printing presses this kind of defects are identified manually which depends on the operator’s 

ability of identification and it can vary from man to man.  

The intensity of showthrough pixels is extremely low, making them difficult to distinguish from 

printed areas. In contrast, strikethrough results from ink penetration and depends on the paper's 

absorption properties, has the similar intensity of printed pixels, causes them to overlap in the 

image foreground. These print defects can degrade both image and print quality. 

In this study, these two print defects are detected using a histogram equalization technique 

which enhance the contrast between foreground and background pixels to identify defect 

pixels.  It helps to distinguish the showthrough or strikethrough pixels from print pixels. A 

global thresholding algorithm is applied to the histogram-equalized image to segment the 

printed area from the background. This algorithm does not require any prior knowledge for 

segmentation; instead, it relies on pixel intensity to differentiate between the foreground and 

background. Since pixel intensity plays a crucial role in detecting these printing defects, the 

study evaluates the effectiveness of the global thresholding method. Image subtraction method 

proves its strength for segregation of defected pixels by utilizing the pixel intensity while 

preserving the other information Additionally, the properties of the substrate significantly 

influence the occurrence of these defects. The study reveals that when paper thickness is lower, 

showthrough increases—even if the paper is less porous [109]. This automated approach helps 

to discard manual intervention and ensures more consistent results in defect identification. 
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8.1.3 Discussion on Doubling Printing Defect Detection 

 A computer vision-based approach for print quality assessment, focusing on the detection of 

doubling print defects using the Structural Similarity Index Measure (SSIM) algorithm is 

presented [114]. Doubling is a common printing issue characterized by the appearance of a 

non-directional double image. Since doubling is an undesirable defect that impacts print 

quality, its detection is crucial for ensuring quality print production. 

In this study, the doubling defect is identified using a computer vision-based method where the 

SSIM algorithm is applied to analyse print samples containing both text and images. Detecting 

the overlapped regions caused by doubling is challenging as overlapped element has similar 

intensity. The proposed approach compares the structural similarity of the overlapped edges to 

pinpoint the double impressions. To identify the overlapped region, pixel connectivity by using 

8- connectivity is applied. It ensures that no overlapped regions are missed and helps to 

distinguish between well-printed regions and those affected by doubling defects. 

 Additionally, a comparative analysis is conducted with print quality assessment metrics, such 

as Structural Similarity Index Measure (SSIM), Mean Square Error (MSE) and Feature 

Similarity Indexing Method (FSIM). SSIM considers luminance, contrast and structural 

correlation of double printed edges to check the similarity. Whereas FSIM only finds feature-

based similarity and less sensitive to contrast and luminance. MSE provides only the numerical 

measure of absolute error, does not reflect the perceptual quality or structural alignment of the 

images. Therefore, this study finds the effectiveness of SSIM algorithm, as the proper 

identification of doubling printing defects need to consider contrast and luminance information 

besides structural correlation. This study finds that if the similarity percentage of two edges of 

printed image is greater than or equal to 90% [114], they are considered structurally identical, 

for text-based image the structural similarity exceeded 95%, demonstrating high accuracy in 

detecting doubling defects. However, for image based doubling defects less accuracy is found 

in terms of similarity.  

 

8.1.4 Discussion on Misregistration Printing Defect Detection 

Misregistration, a common print defect in offset printing, impacts the visual quality of printed 

images. Registration ensures the accurate alignment of CMYK colors, while improper 

alignment of or shifting of colors results in blurred images. Traditionally, registration marks on 
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printed sheets are used as manual detection by linen glass of such issues. This study introduces 

a novel approach [117] by applying a computer vision-based technique to detect and quantify 

misregistration. The quantification of color shifting is achieved using Euclidean and Manhattan 

distance measurement methods. The result depicts not only the detection of misregistration also 

how much color is shifted is quantified. This innovative method offers a reliable alternative to 

conventional human perception-based techniques in the printing industry which makes the 

process cost effective, less time consuming and a mobile based approach. 

In misregistration, mainly the shifting of colors is happened in CMYK color space. Therefore, 

to quantify and identify the misregistration RGB image has to be converted into CMYK color 

space. Now the challenge arises because direct translation between the two models is not 

feasible due to differences in their color gamut’s, or the range of colors they can represent. 

RGB can produce more vivid and diverse colors than CMYK, making conversion essential for 

adapting digital designs for printing while maintaining as much color accuracy as possible. To 

address these challenges, ICC (International Color Consortium) profiles are employed to 

standardize color reproduction across different devices and ensure consistency. Otherwise, the 

converted CMYK color spaced image data may lose some information related to color 

information. The study finds that if there is a pixel-to-pixel distance between separated color 

channels in the CMYK color space, misregistration is present, even if it is sometimes 

undetectable to the naked eye. However, if there is no distance between the color channels, the 

colors are considered superimposed, indicating no misregistration in the printed image. 

Therefore, this automated approach [117] of detection and quantification of misregistration 

print defect is more reliable than manual identification. Though in registered sample, a minimal 

occurrence of misregistration is sometimes found but it is acceptable to some extent.  

 

8.1.5 Discussion on Prediction of Print Contrast and Density Quality Parameter 

Image quality depends on the ability to distinguish difference between density values within 

the image. When there are greater differences in density between midtones, highlights, and 

shadow tones, it becomes easier to see the details. The difference in tonal density is referred to 

as print contrast. Print contrast is determined by the whiteness and brightness of the paper, as 

well as the density of the ink. Insufficient paper opacity and the resulting excessive show-

through can diminish print contrast that can affect overall print quality. 
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This study aims to predict density and contrast from unknown color patches using a machine 

learning approach. The Inception V3 model is utilized as a color classifier, demonstrating 

excellent accuracy in predicting cyan, yellow, and black colors. However, its performance is 

slightly lower for magenta. The accuracy and loss graphs for the training and testing datasets 

confirm the model’s classification efficiency, with only minor deviations. The model achieves 

a 99% accuracy rate for cyan, while magenta has a 9% misclassification rate. Yellow is 

correctly classified 97% of the time with minimal errors, and black is perfectly predicted with 

100% accuracy and no misclassification. Overall, the classifier performs exceptionally well 

with 98% accuracy in identifying cyan, yellow, and black, achieving perfect recall, except for 

magenta, which has a lower recall. 

For predicting the print contrast and density, three performance metrics—R², RMSE, and 

MAE—are used to compare the prediction efficiency of the LR, SVR, and RF regression 

models. The Random Forest (RF) model outperformed both Logistic Regression (LR) and 

Support Vector Regression (SVR) based on performance metrics for all four colors: Cyan, 

Magenta, Yellow, and Black. In these metrics, a lower value for error measurements and a 

higher value for R² indicate better performance. This trend is also reflected in the area plot 

graph for all four colors, where the RF model achieves the highest area under R² and the lowest 

for error measurements compared to the other two regression models. Although SVR 

demonstrated moderate performance in predicting contrast for black and density for magenta, 

the RF model delivered the best overall results for both density and contrast prediction. 

 

8.2 Scope of Future work 

Future research can explore several directions to further explore the application of computer 

vision (CV) techniques in print quality assessment and defect detection. By addressing these 

areas, future work can further revolutionize quality control in the printing industry, making it 

more efficient, accurate, and sustainable. 

These include: 

I. Integration of Machine Learning: Incorporating advanced machine learning algorithms 

can significantly enhance defect classification accuracy by allowing systems to learn from 

diverse datasets and adapt dynamically to new printing scenarios. These algorithms enable 
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the identification of subtle patterns and complex relationships in data, improving the 

precision and reliability of defect detection in varied production environments. 

II. Real-Time Monitoring: Developing CV systems capable of real-time analysis can optimize 

quality control during high-speed production processes, minimizing waste and improving 

efficiency. 

III. Expanded Defect Detection: Broadening the scope of detectable defects to include 

complex issues like microstructural inconsistencies, ink adhesion failures, substrate 

deformation that may compromise print quality. 

IV. Integration with IoT: Combining CV systems with IoT technology for remote monitoring 

and centralized quality control, enhancing operational flexibility. 

V. Multivariable Optimization: Using CV data to optimize printing parameters, ink 

formulations, and substrate properties simultaneously, creating a comprehensive framework 

for process improvement. 

VI. User-Friendly Interfaces: Designing intuitive user interfaces for CV systems to simplify 

operation and interpretation for non-experts. 

 

8.3 Conclusion 

This research primarily aims to enhance the efficiency and accuracy of print quality assessment 

and defect detection by leveraging computer vision techniques discarding manual detection 

process. When a printed sample is evaluated using this procedure and no defects detected, it 

can be concluded that the sample meets the quality standards for output printed product. 

Additionally, incorporating contrast and density prediction it enhances the accuracy of 

checking quality parameters, ensuring a more comprehensive quality assessment. By 

automating the conventional defect detection process, the study seeks to minimize human 

intervention, resulting in faster and more reliable evaluations of real-life print problems. This 

automation promises to boost productivity, reduce human error, and deliver consistent, 

repeatable results. 

A key focus of the research is to develop methods that are both cost-effective and time-efficient 

while maintaining high standards of precision in print assessments. By prioritizing the 

computer vision-based techniques that require minimal resources, the study aims to make 
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advanced quality control methods accessible to a broader range of printing operations, fostering 

industry-wide optimization. 

Moreover, the integration of a mobile-based approach introduces greater flexibility, enabling 

on-the-go monitoring of print quality. This innovation simplifies deployment in diverse 

environments and allows remote quality control, providing significant benefits in terms of 

convenience and scalability. 

By addressing these goals, the research contributes to advancing print production quality 

control, showcasing the potential of computer vision technologies as transformative tools for 

the printing industry. The study underscores the feasibility and effectiveness of these 

technologies in enhancing efficiency, reducing costs, and improving print quality across 

various applications. It represents a pivotal step toward modernizing traditional practices, 

ensuring consistency and reliability in print production, and driving innovation in quality 

assessment methodologies.  
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