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Abstract: Ancient documents that have undergone physical and visual degradation pose significant 

challenges in the digital recognition and preservation of information. This study adopts a digital 

forensic approach to segment the Terumbalan palm leaf manuscript preserved by the National 

Library of Indonesia, which contains symbolic illustrations and traditional Balinese script. The 

research aims to evaluate and compare the effectiveness of ten thresholding-based segmentation 

methods in extracting textual content from digitized palm leaf manuscripts. A total of 15 high-

resolution images were used, with preprocessing steps including grayscale conversion and median 

filtering. To assess segmentation performance, ground truth masks were created and evaluated. The 

results indicate that the locally adaptive Sauvola method consistently outperforms the others, 

achieving the highest scores across both accuracy and perceptual quality metrics—specifically, an 

IoU of 0.934, a Recall of 0.971, and an MS-SSIM of 0.800. While Li’s cross-entropy method produced 

competitive recall performance, it demonstrated lower structural fidelity. In contrast, methods such 

as Niblack and K-Means yielded poor results due to fragmentation and high sensitivity to noise. 

These findings highlight the effectiveness of locally adaptive thresholding in recovering faint and 

degraded scripts in historical documents. Furthermore, this study contributes a replicable digital 

image forensic analysis and evaluation framework to support future digital preservation efforts 

involving visually complex manuscripts. 

Keywords: digital forensics; palm leaf manuscripts; heritage; segmentation; document analysis; 

threshold 

 

1. Introduction 

Palm leaf manuscripts are a popular cultural heritage in Southeast and South Asia that recorded 

a wide range of subjects of knowledge, religious beliefs, and artistic and cultural expressions for 

centuries before the existence of printing systems [1,2]. Due to the large number of Indian speakers 

in the South Asian region, preservation and research efforts on palm leaf manuscripts continue to 

grow rapidly, supported by cultural and academic institutions that actively digitize and study their 

contents [3,4]. In contrast, in Southeast Asia, although palm leaf manuscripts are found in Sanskrit 

and Kawi, which have historical links to Indian traditions, active users of these languages are now 

very limited. Among the countries in the region, the Balinese still actively utilize and preserve the 

palm leaf manuscripts tradition as part of their religious and cultural practices [5]. The preservation 

of palm leaf manuscripts is crucial due to the organic composition of the material and its vulnerability 

to degradation from age, environmental conditions, and incorrect handling. [6]. 
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The preservation and analysis of ancient palm leaf manuscripts face various challenges, such as 

physical damage, fungal attack, and environmental degradation, that make traditional conservation 

methods inadequate [7]. The complexity of handwritten script and the interaction between text and 

image in manuscripts add to the difficulty of interpretation [8,9]. Consequently, an improved strategy 

to address these challenges and facilitate the preservation of these unique cultural artifacts is urgently 

required [10–12]. In the face of this, digital forensics offers innovative solutions through techniques 

such as image enhancement and segmentation, which enable information recovery from damaged 

artifacts [13]. Applying this approach to palm leaf manuscripts not only supports the preservation of 

historic documents but also expands academic access to cultural heritage that was previously difficult 

to interpret, bridging technology and the humanities in the preservation of past civilizations [14,15]. 

Image segmentation is one of the most popular research methods that divides palm leaf 

manuscript images into meaningful regions to isolate specific features [16,17], such as text from the 

background and some illustrations [18]. Thresholding, a fundamental segmentation technique, 

converts grayscale images into binary images by selecting an optimal intensity value to distinguish 

foreground elements from the background [19,20]. Various thresholding methods, including Otsu's 

[21], Sauvola's [22], and Li's minimum cross-entropy algorithms [23], have been developed to address 

different image characteristics and degradation levels [24]. Niblack threshold [25], ISODATA [26], 

and K-means are also examined for segmenting some degraded documents and other ancient 

collections, such as inscriptions or temple reliefs. These methods have been used in several studies to 

improve the readability of historical collections and simplify automated analysis [27–31]. 

The successful performance of thresholding approaches in manuscript analysis is commonly 

measured using a variety of evaluation metrics. These metrics provide quantitative measures of 

segmentation performance, allowing researchers to compare different techniques objectively. For 

instance, Intersection over Union (IoU) and Dice Coefficient assess the overlap between the segmented 

output and the ground truth [32,33], while SSIM evaluates the perceived quality of the segmentation 

[34]. By employing these metrics, researchers can identify the most suitable thresholding methods for 

specific types of manuscripts and degradation conditions. Such evaluations are essential for 

developing robust digital preservation strategies and ensuring the integrity of the recovered 

information. 

This study focuses on comparing the application of various thresholding techniques to the 

Terumbalan manuscript, a Balinese palm leaf document characterized by intricate illustrations and 

traditional script. The manuscript’s complex visual structure and signs of degradation present unique 

challenges for digital analysis. By systematically applying and evaluating ten different thresholding 

methods, this study aims to determine the most effective approaches for segmenting and enhancing 

the manuscript’s content. The insights gained from this study not only enhance our understanding 

of Balinese manuscripts but also establish a framework for the analysis of other historical artifacts 

facing similar challenges. 

To provide a comprehensive understanding of the study, each chapter of this paper is structured 

to guide the reader through the research process and findings systematically. The next chapter 

describes the datasets, the methodology used in this study, including preprocessing stages, and the 

ten thresholding approaches that were tested, along with the evaluation metrics utilized. The third 

chapter presents the experimental results and a comparative analysis of the thresholding outputs, 

followed by Chapter 4 discusses their value in revealing the manuscript's content. Finally, Chapter V 

summarizes major discoveries, discusses limits, and suggests future research areas in digital 

preservation and forensic examination of ancient manuscripts. 
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2. Materials and Methods 

The main object of this study is a digitized Balinese palm leaf manuscript called Terumbalan, 

housed in the National Library of Indonesia [35]. These manuscripts serve not only as linguistic 

artifacts but also as visual records of cultural practices carried out by the community. To enable 

forensic analysis of digital images, this study obtained 15 high-resolution image datasets of scanned 

original Terumbalan palm leaf manuscripts. Figure 1 shows the sample of original Terumbalan palm 

leaf manuscript image datasets. The datasets present a variety of visual challenges, including uneven 

lighting, ink bleed-through, noise from leaf fibers, and varying degrees of degradation, thus offering 

a realistic context for evaluating the robustness of segmentation methods. 

 

 

 

 

 

Figure 1. The Sample of the original image of Terumbalan Palm leaf Manuscripts [35]. 

This study is grounded in a digital image forensics framework, viewing the segmentation 

process as an act of structured visual information recovery. The objective of segmentation in this 

context is to isolate foreground elements from a complex background filled with texture, stains, and 

physical degradation. The forensic nature of the approach emphasizes reproducibility, transparency, 

and auditability, the key principles that underpin the investigative character of digital forensics [36]. 

As shown in Figure 1, the manuscript image features two main types of foreground content: symbolic 

illustrations and handwritten Balinese script. These elements are the primary focus of the 

segmentation process, as they carry the meaningful visual and textual information embedded in the 

manuscript. Surrounding these components is a complex background composed of palm leaf 

textures, discoloration, and signs of physical aging. The visual contrast between the foreground and 

background highlights the importance of precise segmentation techniques to isolate the relevant 

cultural artifacts while minimizing interference from the surrounding noise. 

The proposed workflow consists of three main stages: preprocessing, image segmentation using 

various thresholding methods, and segmentation evaluation, designed to simulate a forensic 

investigative pipeline for historical manuscript images. As illustrated in Figure 2, the process begins 

with the input of original images, which undergo a series of preprocessing steps including grayscale 

conversion and noise reduction using median filtering. This is followed by the application of multiple 

binarization techniques such as Adaptive Mean, Sauvola, Global Otsu, and others listed under the 

Image Segmentation process. 
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Figure 2. Proposed Method. 

To evaluate the accuracy of each segmentation result, a set of ground-truth images was created 

through a semi-automated annotation process. This involved manually labeling the textual regions 

after the images were first enhanced through preprocessing and binarization steps, which helped 

highlight the relevant areas and facilitated more accurate annotation. As shown in Figure 2, the 

dashed lines connecting the Ground Truth Images to both the Preprocessing and Segmentation 

Evaluation modules illustrate the supportive role of ground truth data in the overall workflow. While 

not part of the primary processing sequence, the ground truth was derived from preprocessed images 

to aid the annotation process and later used as a reference standard for comparing the segmented 

outputs during evaluation. This visual distinction emphasizes the function of ground truth images 

as an external benchmark, crucial for validating the segmentation performance without influencing 

the core processing pipeline. 

2.1. Preprocessing 

All manuscript images were preprocessed to improve the visual clarity and segmentation 

readiness of the input data. First, Red (R), Green (G), and Blue (B) images were converted into 8-bit 

grayscale image format to reduce computational complexity and focus on the segmentation process 

on luminance information. This transformation emphasizes the green channel, which is more 

perceptually dominant in human vision, making it suitable for document images where contrast is 

essential [37]. 

The grayscale image (𝐼𝑔𝑟𝑎𝑦) calculated as a weighted average of the RGB components, where 

the weights, denoted as 𝐾1, 𝐾2, and 𝐾3, are applied to the R, G, and B channels, as shown in Equation 

(1). 

𝐼𝑔𝑟𝑎𝑦(𝑥, 𝑦) = 𝐾1 ⋅ 𝑅(𝑥, 𝑦) + 𝐾2 ⋅ 𝐺(𝑥, 𝑦) + 𝐾3 ⋅ 𝐵(𝑥, 𝑦) (1) 

These weights satisfy the constraint 𝐾1+𝐾2+𝐾3=1, ensuring that the resulting grayscale image 

remains within the appropriate intensity range. Commonly used values for these weights are 𝐾1= 

0.2989, 𝐾2 = 0.5870, and 𝐾3 = 0.1140, reflecting the human eye’s higher sensitivity to green [38]. As 
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shown in Figure 3a, the output of this grayscale conversion process successfully enhances the textual 

and symbolic content of the manuscript while suppressing background color variations. This result 

serves as a crucial input for subsequent noise reduction and binarization steps in the segmentation 

pipeline. 

Next, median filter was applied using a 3×3 kernel to suppress salt-and-pepper noise while 

preserving edge details [39]. Median filtering replaces the value of a pixel with the median value of 

its local neighborhood [40]. Median filters are very efficient for smoothing spiky noise [41], this non-

linear filter is effective in preserving edges and stroke boundaries while eliminating isolated noise 

pixels, which is critical for maintaining the structural integrity of characters. In this study, the 

median-filtered output at location (𝑥, 𝑦), denoted as (𝐼𝑚𝑒𝑑) is defined as (2). 

𝐼𝑚𝑒𝑑(𝑥, 𝑦) = median{𝐼𝑔𝑟𝑎𝑦(𝑖, 𝑗) ∣ (𝑖, 𝑗) ∈ 𝑁3×3(𝑥, 𝑦)} (2) 

where the 𝐼𝑔𝑟𝑎𝑦(𝑖, 𝑗) represents the grayscale intensity of the input image at pixel location (𝑖, 𝑗). 

Meanwhile, the 𝑁3×3(𝑥, 𝑦) denotes the 3×3 neighborhood centered at pixel (𝑥, 𝑦). The visual output 

of this step is shown in Figure 3b, where the filtered image demonstrates a noticeable reduction in 

isolated noise artifacts. More importantly, the essential textual and illustrative elements remain sharp 

and intact, which is crucial for maintaining segmentation fidelity in the later stages of analysis. 

 
(a) 

 
(b) 

Figure 3. The Sample of Pre-processing Result (a) Grayscale; (b) Median Filter. 

2.2. Thresholding Techniques 

In this study, image thresholding works by dividing the image into two groups of pixels to 

separate objects from the background and facilitate object identification [42]. Thirteen proposed 

methods derived from ten thresholding techniques and some modifications are applied to 

preprocessed images to generate binary masks that separate text from background. Each method was 

implemented in Python using the OpenCV and scikit-image libraries, ensuring consistency in the 

computational environment. The diversity in these methods enables a robust comparison of their 

performance on visually degraded palm leaf manuscripts. Each method is described further below. 

Niblack threshold is a method that calculates the threshold for each pixel based on the mean (μ) 

and standard deviation (𝜎) of the pixel values within a local window around it [25,43]. This threshold 

(𝑡) at pixel (𝑥, 𝑦) defined in Equation (3) [44]. 

𝑡(𝑥, 𝑦) = μ(𝑥, 𝑦) + 𝑘 ⋅ 𝜎(𝑥, 𝑦) (3) 

In this method, the bias setting or boundary pixels of the object (k) is set to –0.2, with the good 

neighborhood choice is 15 x 15 [45]. Niblack is more prone to noise amplification, particularly in areas 

with high background variation. Despite this limitation, it is still capable of extracting detailed 

character structures when used on well-contrasted sections of the manuscript. 

Li’s Minimum Cross-Entropy Method, originally proposed by Li et.al, seeks to minimize the 

cross-entropy between the original grayscale image and its binarized version through an iterative 

update process [23,46]. This method leverages the minimization of Kullback-Leibler divergence to 

provide practical solutions under constraints, enhancing accuracy and efficiency in different contexts 

[47,48]. The method begins by dividing the image histogram into two classes, background (below the 

threshold) and foreground (above the threshold). For each candidate threshold 𝑡, the cross-entropy 
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function 𝐻(𝑡) is computed based on the zero-order and first-order moments of the histogram as 

shown in (4). 

𝐻(𝑡) =  ∑ ℎ(𝑖) log 𝜇𝑎(𝑡)

𝑡

𝑖=0

+ ∑ ℎ(𝑖) log 𝜇𝑏(𝑡)

𝐿

𝑖=𝑡+1

 (4) 

Here, the ℎ(𝑖) denotes the histogram count at intensity level 𝑖, 𝜇𝑎(𝑡) and 𝜇𝑏(𝑡) are the mean 

intensities of the background and foreground classes, and 𝐿 s the maximum gray level (typically 255 

for 8-bit images). The goal is to find the threshold that minimizes this entropy function, which can be 

formally written as (5). 

𝑡∗ = arg min
𝑡

𝐻(𝑡) (5) 

To enhance computational efficiency, the algorithm employs an iterative formulation that 

eliminates the need for evaluating all possible intensity levels [46]. The threshold is progressively 

updated based on (6). 

𝑡𝑛+1 = 𝑟𝑜𝑢𝑛𝑑 (
𝜇𝑏

(𝑏)
− 𝜇𝑎

(𝑏)

log 𝜇𝑏
(𝑏)

− log 𝜇𝑎
(𝑏)

) (6) 

This process is repeated until convergence, typically when the difference between successive 

thresholds is negligible. The variables 𝜇𝑎
(𝑏)

 and 𝜇𝑏
(𝑏)

 represent the mean intensities of the 

background and foreground classes at iteration 𝑛. The use of logarithmic terms in the denominator 

ensures that the threshold is sensitive to entropy variations across the two classes, making it 

particularly effective for handling visual degradations and soft intensity transitions found in ancient 

manuscript images. 

ISODATA (Iterative Self-Organizing Data Analysis Technique) thresholding calculates a 

threshold iteratively by partitioning the histogram into two classes and computing the average 

intensity of each [26]. Although it lacks a formal closed-form equation, it involves repeating mean 

calculations until the threshold value stabilizes [49]. In this method, the threshold (𝑡) output can be 

obtained from (7), where μ0  and μ1  represent the means of each histogram separated by the 

threshold [49]. 

𝑡𝑛+1 =
μ0 + μ1

2
 (7) 

K-Means Clustering threshold uses an unsupervised learning algorithm to assign pixels into 

two intensity-based clusters. The algorithm minimizes the intra-cluster variance through centroid 

updates and is robust to a range of intensity distributions. However, it is sensitive to initial cluster 

centers and may misclassify pixels in homogeneously textured areas. The K-Means threshold can be 

shown in (8) [50]. 

𝐿 = ∑ ∑ |𝑥𝑖 − c𝑗|2

𝑘

𝑗=1

𝑛

𝑖=1

 (8) 

Where 𝐿 represents the total loss or compactness of the clustering, 𝑛 is the number of data 

ppoints while 𝑘 is the number of clusters. In this equation, 𝑥𝑖 represents the 𝑖-th data point in the 

dataset, while denotes the centroid of the 𝑗-th cluster. The term |𝑥𝑖 − c𝑗|2 calculates the squared 

Euclidean distance between the data point and the cluster center. The double summation indicates 

that the algorithm considers the distance from every point to every cluster center, although in 

practice, each point is only assigned to its closest center. 

Adaptive Mean calculates the threshold value for each pixel based on the mean intensity of its 

local neighborhood. The threshold is computed using Equation (9): 

𝑇(𝑥, 𝑦) = μ𝑁(𝑥, 𝑦) − 𝐶 (9) 
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In the adaptive mean thresholding method, the threshold value for each pixel is calculated based 

on the average intensity of the pixels within a local neighborhood window surrounding that pixel. 

μ𝑁(𝑥, 𝑦) refers to the mean grayscale value of all pixels in the local window 𝑁 centered at position 

(𝑥, 𝑦). To fine-tune the threshold and increase its robustness against slight background variations or 

noise, a constant value 𝐶 is subtracted from the local mean. This constant acts as a bias and can be 

adjusted depending on the characteristics of the image. 

As a result, the final threshold 𝑇(𝑥, 𝑦) dynamically adapts to local intensity variations rather 

than relying on a single global value. This method is more flexible than global thresholding because 

it adapts to local image conditions, especially in images with uneven lighting or complex 

backgrounds [51]. It is particularly useful in documents with uneven illumination because it provides 

better visual quality and lower misclassification errors but may still be sensitive to local noise or 

structural inconsistencies in the manuscript surface [52]. 

Adaptive Gaussian operates similarly to Adaptive Mean but uses a weighted Gaussian kernel 

instead of a uniform one [53]. Its threshold computation is defined in Equation (10): 

𝑇(𝑥, 𝑦) = 𝐺σ ∗ 𝐼(𝑥, 𝑦) − 𝐶 (10) 

Instead of treating all pixels in the neighborhood equally, this approach assigns higher 

importance to pixels closer to the center of the window. The Gaussian kernel is denoted by 𝐺σ, where 

σ controls the spread or standard deviation of the Gaussian distribution. The convolution of this 

kernel with the input image 𝐼, expressed as 𝐺σ ∗ 𝐼(𝑥, 𝑦). yields a weighted local mean that better 

preserves gradual intensity changes, such as those caused by lighting gradients or ink fading. A 

constant 𝐶 is then subtracted to adjust the sensitivity of the thresholding. The Gaussian weighting 

improves the method’s robustness to gradual intensity changes, making it effective for palm leaf 

manuscripts where ink fading and lighting gradients are present. However, it may still struggle with 

high-contrast edges or extremely faint text regions. 

Otsu threshold is a reimplementation of the Global Otsu method using floating-point arithmetic, 

improving precision in datasets with subtle grayscale variations. While its conceptual foundation is 

identical to the original Otsu, it enables more nuanced segmentation in high-resolution images such 

as those in this study. 

𝑡 =
σ(t)𝑏

2

σ𝑡
2  (11) 

Global Otsu determines a single global threshold that minimizes intra-class variance in intensity 

distribution [26]. It computes the optimal threshold by minimizing the weighted sum of within-class 

variances, as shown in Equation (12). 

σ(𝑡)𝑏
2 = ω1(𝑡)ω2(𝑡)[μ1(𝑡) − μ2(𝑡)]2 (12) 

where 𝜔0 and 𝜔1 are the probabilities of the two classes separated by threshold 𝑡, and μ0 and μ1 

are the means of those classes. The threshold 𝑡 that maximizes σ(𝑡)𝑏
2  is selected. This method is 

efficient and well-suited for images with bimodal histograms where foreground and background 

intensities are well-separated. Where 𝜔0 is the probability that the data can be below the threshold, 

and 𝜔1 = 1 − 𝜔0 is the probability that the data can be above the threshold [26]. 

Otsu Morph enhances the output of the basic Otsu method by applying morphological 

operations. Morphological opening followed by closing removes small artifacts and bridges 

fragmented text strokes, improving readability. The process to obtain the otsu morph output 𝐼𝑚𝑜𝑟𝑝ℎ 

is defined in Equation (13): 

𝐼𝑚𝑜𝑟𝑝ℎ =  (𝐼𝑜𝑡𝑠𝑢 ⊕ 𝐽) ⊖ 𝐽 (13) 

In this process, 𝐼𝑜𝑡𝑠𝑢  Binary image result from multilevel Otsu thresholding, and 𝐽  is the 

structuring element that defines the shape and size of the local neighborhood. The symbol ⊕ 

denotes dilation, which expands the foreground region by adding pixels to the object boundaries, 
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while ⊖  represents erosion, which trims away noise and sharpens the object’s shape. This 

combination helps to close small gaps, connect broken lines, and reduce noise in the background [54]. 

Sauvola’s method adapts the threshold using both local mean (μ) and standard deviation (𝜎) to 

account for illumination variability [22]. It is formulated in Equation (7): 

𝑇(𝑥, 𝑦) = μ𝑁(𝑥, 𝑦) [1 + 𝑘 (
σ𝑁(𝑥, 𝑦)

𝑅
− 1)] (14) 

In this equation, μ𝑁(𝑥, 𝑦) is the local mean, σ𝑁(𝑥, 𝑦) is the local standard deviation, 𝑘  is a 

tunable parameter typically set between 0.2 and 0.5 (commonly 0.5), and 𝑅 represents the dynamic 

range of the standard deviation, usually set to 128 or 255. The default window size 𝑁  for local 

calculation is typically set to 15×15 pixels, which balances the need to capture sufficient local context 

without over-smoothing fine text structures. This method was originally developed for degraded 

document images and has proven highly effective in dealing with textured or stained backgrounds. 

This study showed particular strength in preserving fine character details even under inconsistent 

contrast conditions. 

2.3. Quantitative Evaluation Metrics 

This study employed seven evaluation metrics to comprehensively assess each thresholding 

method's performance in segmenting Balinese palm leaf manuscripts. These metrics are categorized 

into two groups based on their analytical orientation: first, the pixel-wise classification metrics 

derived from the confusion matrix, and second, a structure-based metric that evaluates perceptual 

similarity. In the context of forensic recovery of ancient manuscripts, such as palm leaf documents, it 

is not only important to classify text regions accurately but also to preserve the visual structure of the 

characters. Each of the following metrics provides a different perspective on segmentation quality, 

making them suitable for a well-rounded evaluation. 

2.3.1. Confusion Matrix-Based Metrics 

Confusion matrix-based metrics quantify how accurately the segmentation algorithm classifies 

each pixel in the image as either foreground (text) or background (non-text). These include 

Intersection over Union (IoU), Dice Coefficient, Accuracy, and Recall. Each of these metrics is 

calculated based on four fundamental classification outcomes. First, the True Positives (TP) refer to 

correctly identified text pixels, while True Negatives (TN) denote correctly identified background 

pixels. False Positives (FP) occur when background pixels are incorrectly labeled as text, and False 

Negatives (FN) represent missed text pixels [55]. These components form the basis for computing 

pixel-level performance and allow for detailed evaluation of both over-segmentation and under-

segmentation in document image analysis. 

The Intersection over Union (IoU) is also known as the Jaccard Index. It determines the amount 

of overlap between the segmented output and the ground truth. IoU is defined as the ratio of the 

intersection of the expected and actual foregrounds to their union. A high IoU implies that the 

segmentation result closely matches the real character regions. Mathematically, this is expressed as 

(15) [32,33]. 

𝐼𝑜𝑈 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 (15) 

The Dice Coefficient offers another perspective on region similarity. Dice Coefficient also 

quantifies the overlap, but gives more weight to true positives. It is considered more sensitive than 

IoU when dealing with small or thin foreground regions, such as handwritten characters. Dice is 

especially important when evaluating segmentation performance on delicate character strokes, 

where even small mismatches can result in loss of semantic meaning. The formula as shown in (16). 

𝐷𝑖𝑐𝑒 =
2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 (16) 
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 Accuracy, which measures the overall proportion of correctly classified pixels. It accounts for 

both foreground (text) and background (non-text) regions and is useful for understanding general 

segmentation correctness. While intuitive and easy to compute, accuracy can be misleading in 

datasets with class imbalance, such as manuscripts where background pixels dominate. It is defined 

in Equation (17). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (17) 

Recall, also referred to as sensitivity or true positive rate. It evaluates how many of the actual 

text pixels were correctly identified by the segmentation algorithm. In forensic contexts, high recall 

is desirable because missing even faint or partially degraded characters can result in a loss of critical 

historical or linguistic information. It is defined in Equation (18). 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (18) 

2.3.2. Structure-Based Similarity Metrics 

In addition to pixel-wise evaluation, this study also applied a set of structure-based similarity 

metrics to assess the perceptual and structural similarity between the segmented output and the 

ground truth. These metrics provide insights beyond simple classification accuracy by considering 

how well the visual and spatial properties of the original manuscript are preserved. In digital 

forensics, such structure-aware evaluation is crucial for ensuring that recovered texts retain their 

shape, continuity, and readability, especially in historical documents like palm leaf manuscripts. 

The Structural Similarity Index Measure (SSIM) to assess the perceptual similarity between the 

segmented output and the ground truth. Unlike classification metrics, SSIM considers local 

luminance, contrast, and structure to model human visual perception. This is critical in digital 

forensics, where accurate recovery of text shape, stroke continuity, and layout are essential. The SSIM 

is calculated over local windows in the image and is defined in (19) [56]. 

𝑆𝑆𝐼𝑀(𝑥 , 𝑦)  =
(2𝜇𝑥𝜇𝑦 + 𝐶1)(2𝜎𝑥𝑦 + 𝐶2)

(𝜇𝑥
2 + 𝜇𝑦

2 + 𝐶1)(𝜎𝑥
2 + 𝜎𝑦

2 + 𝐶2)
 (19) 

Here, 𝜇𝑥 and 𝜇𝑦 represent the means, 𝜎𝑥
2and 𝜎𝑦

2 the variances, and 𝜎𝑥𝑦 the covariance of the 

predicted and ground truth images. The constants 𝐶1 and 𝐶2 are used to stabilize the computation 

in the presence of low denominators. SSIM values range from 0 to 1, with values closer to 1 indicating 

higher structural similarity [57,58]. 

The Feature Similarity Index Measure (FSIM) evaluates perceptual similarity using two human-

sensitive features: phase congruency (PC) and gradient magnitude (GM). FSIM assesses how well 

important visual structures like edges, strokes, and lines are preserved in the segmented image. It is 

defined in (20): 

𝐹𝑆𝐼𝑀 =
∑ 𝑃𝐶𝑀(𝑥) .  𝑆𝐿(𝑥)  𝑥∈Ω

∑ 𝑃𝐶𝑀(𝑥) 𝑥∈Ω
 (20) 

In this formula, 𝑃𝐶𝑀(𝑥) represents the maximum phase congruency between the reference and 

test images at pixel 𝑥  and  𝑆𝐿(𝑥)  is the combined similarity of phase congruency and gradient 

magnitude at that pixel. FSIM values also range from 0 to 1, with scores above 0.70 considered 

excellent for structural preservation, particularly for handwritten characters with fine strokes and 

curves [59]. 

Multi Scale Structural Similarity Index Measure (MS-SSIM) extends the original SSIM by 

evaluating image similarity at multiple scales, which better reflects the way humans perceive 

structural information across different resolutions. At each scale, contrast and structure similarities 

are measured, while luminance is only assessed at the coarsest scale [60). 
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𝑀𝑆 − 𝑆𝑆𝐼𝑀(𝑥, 𝑦) =  [𝑙𝑀(𝑥,𝑦)]
𝛼𝑀

⋅ ∏[𝑐𝑗(𝑥,𝑦)]
{𝛽𝑗}

𝑀

𝑗=1

[𝑠𝑗(𝑥,𝑦)]
𝛾𝑗 (20) 

In the MS-SSIM formula, the variables play distinct roles in assessing the structural similarity 

between two images at multiple scales. The terms 𝑥 and 𝑦 represent the two image signals being 

compared—typically the reference (original) image and the test (distorted or processed) image. The 

total number of scales used in the analysis is denoted by 𝑀 , with the image progressively 

downsampled at each scale. At the coarsest scale 𝑀, luminance similarity is evaluated using the 

function 𝑙𝑀(𝑥,𝑦), which measures how closely the average brightness levels of the two images match. 

For each scale 𝑗 (where 𝑗 =1,2,..., 𝑀), the contrast similarity is represented by 𝑐𝑗(𝑥,𝑦), which compares 

the standard deviations (or local contrast) of the images, while 𝑠𝑗(𝑥,𝑦) denotes the structural similarity 

that captures the correlation between local patterns or textures. Each component—luminance, 

contrast, and structure—is raised to an exponent 𝛼𝑀, 𝛽𝑗, and 𝛾𝑗, which acts as a weight to control its 

contribution to the final MS-SSIM score. These weights are empirically chosen to reflect the 

perceptual importance of each component at different scales. The contrast and structure terms are 

aggregated multiplicatively across all scales using a product operation, providing a comprehensive 

and hierarchical measure of visual similarity that aligns with human perception. 

The Gradient Magnitude Similarity Deviation (GMSD) is a dissimilarity-based metric that 

captures structural distortion by comparing the gradient magnitudes between two images. It is 

particularly sensitive to edge and contour inconsistencies—key elements in character segmentation. 

GMSD is computed as the standard deviation of the gradient magnitude similarity map, defined in 

(21): 

𝐺𝑀𝑆𝐷 =  √
1

𝑁
 ∑(𝐺𝑀𝑆(𝑖) − 𝜇𝐺𝑀𝑆)2

𝑁

𝑖=1

 (21) 

where 𝐺𝑀𝑆(𝑖)  is the gradient magnitude similarity at pixel 𝑖  and 𝜇𝐺𝑀𝑆  is the mean gradient 

magnitude similarity. The value of GMSD increases as structural distortion grows, meaning lower 

values are better. Typically, values below 0.35 are interpreted as structurally accurate, while values 

above 0.45 indicate significant deviations in edge alignment or stroke consistency [61]. 

Together, SSIM, FSIM, MS-SSIM, and GMSD offer a comprehensive evaluation framework that 

captures both human perceptual quality and structural correctness. Their combined use ensures a 

well-rounded assessment of the segmentation performance, especially important in the forensic 

processing of ancient scripts, where maintaining visual authenticity is critical. 

3. Results 

This section presents the segmentation results of ten different thresholding methods and 

evaluates their effectiveness in extracting characters from Balinese palm leaf manuscripts. A visual 

sample of segmentation outputs for each method is presented in Figure 4. The visual comparison 

highlights how each method handles the challenges posed by the unique characteristics of the 

manuscript, including aging and damaged textures in some parts, as well as fading or discontinuous 

character strokes and images. 

Among the presented outputs, the Sauvola method (Figure 4j) demonstrates superior 

performance in maintaining the integrity of character strokes, particularly in preserving line 

continuity and preventing character disintegration. In contrast, methods such as Niblack (Figure 4g) 

show a lot of background noise and fragmented character outlines, especially in areas with uneven 

lighting. Although some parts of the text and illustrations are successfully captured, much of the fine 

character structure is damaged. Meanwhile, K-Means (Figure 4e) shows more fragmented output, 

with character boundaries appearing jagged or partially eroded. 
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Moreover, Adaptive Gaussian (Figure 4a) and Adaptive Mean (Figure 4b) methods show 

smoother background suppression, but they occasionally over-smooth fine details, leading to partial 

loss of thinner strokes. Meanwhile, the Otsu (Figure 4h) and Global Otsu (Figure 4c) methods produce 

balanced results, though some stroke thinning and background noise can still be observed. The 

output from ISODATA (Figure 4d) appears moderately consistent, though line merging occurs in 

densely written regions. Moreover, Li’s Minimum Cross Entropy (Figure 4f), while sharp in contrast, 

tends to exaggerate transitions at stroke boundaries, causing minor distortions. Overall, this visual 

inspection provides an essential preliminary insight into the segmentation behavior of each method 

before delving into quantitative performance metrics. 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

(f) 

 

(g) 

 

(h) 

 

(i) 

 

(j)  

Figure 4. Sample of Segmentation Result using Thresholding Method, (a) Adaptive Gaussian; (b) Adaptive 

Mean; (c) Global Otsu; (d) ISODATA; (e) K-Means; (f) Li’s Minimum Cross-Entropy; (g) Niblack; (h) Otsu; (i) 

Otsu Morph; (j) Sauvola. 
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After comparing each segmentation result with the ground truth masks, a quantitative 

evaluation was conducted using confusion matrix-based metrics as summarized in Table 1. The 

Sauvola method emerges as the most reliable, achieving the highest IoU score of 0.934, indicating a 

strong overlap between the predicted masks and the ground truth annotations. The Dice coefficient 

of 0.966 further reinforces the quality of segmentation, reflecting an excellent balance between true 

positive detections and the minimization of false classifications. Remarkably, Sauvola also attained 

the highest Recall value of 0.971, demonstrating its superior sensitivity in capturing nearly all text 

regions, even subtle and degraded strokes. The method’s Accuracy of 0.942 underscores its 

robustness in correctly classifying both foreground and background pixels, thus minimizing 

segmentation errors across the board. 

Table 1. Average Result of Evaluation Metrics Based on Confusion Matrix. 

Method IoU Dice Recall Accuracy 

Adaptive Gaussian 0.869 0.930 0.908 0.884 

Adaptive Mean 0.876 0.934 0.899 0.892 

Global Otsu 0.847 0.916 0.885 0.864 

ISODATA 0.853 0.920 0.893 0.870 

KMeans 0.848 0.917 0.887 0.865 

Li’s Minimum Cross Entropy 0.887 0.940 0.959 0.896 

Niblack  0.741 0.851 0.755 0.775 

Otsu  0.850 0.918 0.889 0.866 

Otsu Morph 0.842 0.913 0.884 0.859 

Sauvola 0.934 0.966 0.971 0.942 

Meanwhile, the Li’s Minimum Cross Entropy closely follows with high Dice (0.940) and Recall 

(0.959), suggesting that while it performs slightly lower in terms of overlap with IoU value of 0.887, 

it still maintains substantial pixel-level alignment with ground truth. On the other hand, methods 

like Niblack, which achieved IoU value of 0.741 and a Recall in 0.755, underperform across all metrics, 

likely due to their higher sensitivity to noise and lack of adaptive response to local variation. Global 

Otsu and Otsu Morph showed moderate, balanced performance but are constrained by their global 

thresholding nature, which limits responsiveness to regional intensity shifts. Figure 5 visually 

reinforces these trends, where Sauvola consistently leads in all metric bars, while Niblack lags 

significantly behind. These findings, further illustrated in Figure 5, confirm that Sauvola’s locally 

adaptive thresholding is the most effective method for handling the complex visual characteristics of 

historical Balinese manuscripts. 

  

(a) (b) 
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(c) (d) 

Figure 5. Histogram Visualization of Confusion Matrix-Based Metrics Evaluation (a) IoU; (b) Dice; (c) Recall; (d) 

Accuracy. 

In addition to pixel-level accuracy, this study also employed structural similarity metrics to 

assess the perceptual and visual fidelity of the segmented outputs. Table 2 summarizes the results of 

SSIM, FSIM, MS-SSIM, and GMSD. These metrics assess not only pixel accuracy but also the 

preservation of visual structure, texture, and edge consistency, which are critical for script legibility. 

The Sauvola method again outperforms all others, with SSIM of 0.725, FSIM of 0.774, and MS-SSIM 

of 0.800, indicating its high fidelity in retaining the structural properties of the original manuscript. 

Its GMSD score of 0.304 is the lowest among all methods, signifying minimal deviation in gradient 

magnitudes, hence stronger edge preservation. FSIM captures phase congruency and gradient 

magnitude at a perceptual level, and Sauvola’s leading score here suggests better alignment of key 

features like stroke curvature and density transitions. 

Table 2. Average Result of Evaluation Metrics Based on Structural Analysis. 

Method SSIM FSIM MS-SSIM GMSD 

Adaptive Gaussian 0.432 0.638 0.598 0.423 

Adaptive Mean 0.459 0.681 0.612 0.426 

Global Otsu 0.608 0.667 0.653 0.392 

ISODATA 0.613 0.668 0.653 0.391 

KMeans 0.609 0.667 0.653 0.392 

Li’s Minimum Cross Entropy 0.603 0.661 0.557 0.406 

Niblack  0.320 0.586 0.416 0.438 

Otsu  0.610 0.667 0.653 0.392 

Otsu Morph 0.605 0.667 0.617 0.404 

Sauvola 0.725 0.774 0.800 0.304 

Meanwhile, methods like Global Otsu, ISODATA, and KMeans demonstrated mid-level 

performance with SSIM and FSIM values ranging around 0.60–0.61, reflecting stable but less refined 

structural preservation. Although Li’s method performed well in confusion matrix metrics, it scored 

lower on SSIM (0.603) and MS-SSIM (0.557), indicating that it may introduce structural distortions 

while prioritizing foreground detection. Niblack once again ranked the lowest across all structure-

based metrics, including an SSIM of 0.320 and FSIM of 0.586, reaffirming its sensitivity to noise and 

its limited adaptability to local contextual variations. 

Figure 6 provides a visual comparison of these structural metrics in bar chart form, enabling 

clearer distinctions between methods. The difference between Sauvola and the rest is most 

pronounced in MS-SSIM, where it reaches 0.800, far above the next highest method. This suggests 

that Sauvola is not only locally effective but also consistent across scales, which is critical in 

segmenting multi-size scripts typical in palm leaf manuscripts. FSIM patterns further support this 

trend, highlighting that Sauvola excels in preserving edge-related information crucial for human 
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readability. Interestingly, although Otsu and Global Otsu have comparable structural scores to 

ISODATA and KMeans, they appear slightly better in SSIM and MS-SSIM, suggesting greater local 

stability. The GMSD values offer a subtle yet important insight; the low GMSD of 0.304 achieved by 

the Sauvola method, in contrast to the high GMSD of 0.438 recorded by Niblack, highlights the critical 

importance of gradient consistency in maintaining visual quality, especially in historical manuscripts 

where the clarity of edges directly affects the legibility of characters. 

  

(a) (b) 

  
(c) (d) 

Figure 6. Histogram Visualization of Structure-Based Similarity Metrics Evaluation (a) SSIM; (b) FSIM; (c) MS-

SSIM; (d) GMSD. 

Based on the radar chart evaluation (Figure 7), which illustrates the comparative performance 

of all ten thresholding methods across multiple evaluation metrics, the Sauvola method clearly stands 

out as the most effective technique. It demonstrates superior consistency and balance across both 

pixel-based metrics (such as IoU, Dice, Accuracy, and Recall) and structure-based metrics (including 

SSIM, FSIM, and MS-SSIM). This indicates that Sauvola not only excels in accurately identifying text 

regions in the palm leaf manuscript but also in preserving the visual and structural integrity of the 

ancient scripts. Li’s Minimum Cross Entropy method ranks second, performing well in Recall and 

Dice, though it falls short in maintaining visual consistency, as seen in lower SSIM and GMSD values. 
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Figure 7. Radar Chart Evaluation. 

Conversely, methods like Niblack and K-Means showed weak performance across the majority 

of evaluation metrics, particularly SSIM and GMSD, indicating their vulnerability to noise and 

limited ability to preserve edge details. Adaptive Mean and Adaptive Gaussian methods showed 

relatively stable performance but lacked the local adaptivity required for complex degradation 

patterns. The radar chart vividly illustrates these performance gaps, reinforcing that locally adaptive 

methods like Sauvola are best suited for historical document segmentation with uneven illumination 

and faded text. This comprehensive evaluation provides a strong foundation for future digital 

preservation strategies using forensic-based approaches for ancient manuscripts. 

4. Discussion 

According to the results of this study, it was found that no single thresholding technique is 

universally optimal; instead, effectiveness depends on the balance between local adaptivity, global 

contrast, and structural preservation. The success of the Sauvola method can be attributed to its local 

adaptation mechanism, which dynamically responds to regional contrast and texture. Furthermore, 

Sauvola's method is recognized for its excellent segmentation performance in degraded document 

images, making it particularly suitable for ancient manuscripts that often suffer from various forms 

of damage and noise [62,63]. Previous research in ancient Jawi document segmentation also reported 

strong results when using Sauvola [64]. Its effectiveness in the current study underscores its relevance 

across language systems and cultural documentation formats. These parallels highlight the method’s 

versatility and affirm its standing in forensic manuscript analysis. 

In comparison, Li’s Minimum Cross Entropy method showed strong pixel-wise performance, 

especially in Recall and Dice, but struggled with preserving structural integrity, as evidenced by 

lower SSIM and MS-SSIM scores. This suggests that although Li’s method effectively identifies 

foreground text, it may compromise the fidelity of thin or complex character strokes—critical aspects 

in the accurate representation of historical scripts [46,47]. These values align with prior studies, which 
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observed similar outcomes when applying entropy-based methods to some degraded documents 

[65]. This reinforces the method’s robustness in handling unevenly faded documents and suggests 

its potential for broader applications in ancient script analysis. This thresholding method also proves 

effective for segmenting other degraded objects in cultural heritage studies, such as in inscription 

analysis [66]. 

Meanwhile, thresholding techniques such as Niblack consistently underperformed across both 

visual inspection and quantitative evaluation due to their heightened sensitivity to noise and limited 

adaptability to local variations in illumination and texture [25]. This often led to the introduction of 

false positives and fragmentation of character strokes, ultimately diminishing the legibility and 

reliability of the segmented manuscript outputs. The study findings align with earlier research on 

ancient document processing, which reported that Niblack frequently produced noisy segmentation 

results, thereby reducing the effectiveness of downstream tasks such as optical character recognition 

(OCR) when compared to more adaptive methods like Sauvola [43]. Nevertheless, some studies have 

suggested that combining Niblack with complementary techniques, such as Sauvola, may enhance 

overall segmentation performance by balancing Niblack’s detail sensitivity with Sauvola’s robustness 

to degradation [64]. 

The broader implication of these findings lies in the integration of digital forensics into cultural 

heritage preservation workflows. By applying a structured evaluation framework combining pixel-

level accuracy with structural similarity metrics, this study demonstrates how computational 

techniques can enhance the readability and interpretability of degraded manuscripts without altering 

the original artifact. Furthermore, this research reinforces the growing body of literature that 

supports the use of adaptive thresholding for ancient document processing, aligning with works by 

Li and Tam [46], and recent segmentation strategies proposed in heritage studies [15]. 

5. Conclusions 

This study has demonstrated the effectiveness of applying various thresholding techniques for 

the segmentation and enhancement of the Terumbalan palm leaf manuscript, a culturally significant 

artifact in Balinese heritage. Through a systematic evaluation of ten different methods, the research 

identified the strengths and limitations of each approach in addressing the visual challenges posed 

by ancient manuscripts, such as faded ink, organic leaf textures, and intricate scripts. The results 

confirm that no single thresholding technique is universally optimal; effectiveness depends largely 

on the degree of degradation and structural complexity of the manuscript. These findings offer 

valuable insights to guide best practices in image preprocessing for digital preservation projects and 

underscore the importance of integrating digital forensic principles into cultural heritage analysis. 

Nevertheless, the Sauvola method, which achieved the highest scores across nearly all evaluation 

metrics, proves highly promising and can serve as a strong baseline for future segmentation systems 

for ancient manuscripts. 

Beyond its technical contributions, this study also highlights the broader significance of 

integrating computational tools into heritage conservation efforts. The ability to digitally recover and 

interpret historical texts at risk of deterioration presents new opportunities for scholars, archivists, 

and cultural stakeholders. By employing thresholding-based segmentation as a non-invasive and 

replicable approach, this research establishes a foundational framework for future initiatives in the 

restoration, documentation, and analysis of other historical artifacts. Overall, this study represents 

an important step toward the wider adoption of digital forensic methodologies for preserving 

Southeast Asia’s intangible cultural legacy, offering a replicable model that can be adapted for other 

visually complex manuscripts. 

As a direction for future research, the thresholding approach can be further developed through 

hybrid methods, for example by combining locally adaptive techniques like Sauvola with machine 

learning models to improve segmentation accuracy and adaptability across varied data. Machine 

learning-based approaches, such as convolutional neural networks (CNNs) or ensemble models, can 

be employed to automatically learn complex patterns in ancient texts that are difficult to capture with 
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conventional thresholding. Additionally, exploration into deep learning-based preprocessing 

techniques and data augmentation strategies may strengthen model generalization across diverse 

manuscript types. By combining modern computational power with forensic insights, the 

development of smarter and more context-aware systems will further enhance the digital 

preservation of ancient manuscripts. 
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