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Abstract
To address various degradation factors present in low-quality document images,
such as page stains, ink bleed-through, and background texture, this paper pro-
poses a document image binarization algorithm that integrates background esti-
mation with a U-shaped convolutional neural network (U-Net). The algorithm
first performs image contrast enhancement, then estimates the document im-
age background through morphological closing operations, and employs a fully
convolutional network—specifically, U-Net—to conduct foreground-background
segmentation on the background-subtracted image. Finally, a global optimal
thresholding method is applied to obtain the final binary image. Experimental
results show that in the 2016 and 2017 International Document Image Binariza-
tion Competitions, the proposed algorithm achieves performance improvements
of up to 5.58%, 2.47%, 0.86 dB, and 1.19% in terms of F-measure (FM), pseudo
F-measure (p-FM), peak signal-to-noise ratio (PSNR), and distance reciprocal
distortion (DRD), respectively, compared to the second-best performing classi-
cal algorithm.
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Abstract: Degraded document images suffer from various degradation factors
such as page stains, ink bleed-through, and background texture. We propose a
novel document image binarization algorithm that integrates background estima-
tion with a U-shaped convolutional neural network (U-Net). The algorithm first
enhances image contrast, then estimates the document background through mor-
phological closing operations. A fully convolutional network, namely U-Net, is
employed to segment foreground from background in the background-subtracted
image. Finally, a global optimal thresholding method is applied to obtain the
binary result. Experimental results on the 2016 and 2017 International Doc-
ument Image Binarization Contests demonstrate that our algorithm achieves
performance improvements of up to 5.58% in F-measure (FM), 2.47% in pseudo
F-measure (p-FM), 0.86 dB in peak signal-to-noise ratio (PSNR), and 1.19%
in distance reciprocal distortion (DRD) compared to the second-best classical
algorithms.

Keywords: document image binarization; contrast enhancement; morphologi-
cal closing operation; U-Net; global optimal thresholding

0 Introduction
Image binarization serves as a crucial preprocessing step for document image
recognition and analysis, with applications in ancient document restoration and
signature verification [1]. Due to physical conditions and human factors, low-
quality document images exhibit complex background characteristics such as
page stains [2], resulting in minimal differentiation between textual information
and background. Consequently, binarization of low-quality document images
remains highly challenging [3].

Document image binarization algorithms are categorized into global threshold-
ing, local thresholding, and hybrid methods [4]. Global thresholding applies a
fixed threshold to all pixels, offering low computational complexity but often
causing text loss in images with complex backgrounds. The classic Otsu algo-
rithm [5] exemplifies this approach. Local thresholding determines thresholds
for each pixel through convolution operations with sliding windows. Wolf [6]
performs local binarization using normalized contrast and the standard devia-
tion and mean gray value within neighborhoods. Other local methods include
Sauvola [7] and Niblack [8] algorithms, which are more adaptable but whose
performance heavily depends on window size.

Su et al. [9] normalized local gray values to suppress uneven background illumi-
nation (LMM algorithm), though this creates hollow characters at edge regions.
Lu et al. [10] detected character edges based on pixel differences within neigh-
borhoods and estimated stroke width for binarization (BESE algorithm), but
showed poor ability to suppress background stains. Howe achieved image seg-
mentation through graph-cut energy function minimization [11] and optimized
structural parameters [12], yet such methods lose stroke details in low-contrast
images. Mesquita [13] proposed a human visual model to distinguish text from
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background pixels using energy function minimization and I/F-Race methods.
Kligler [14] removed estimated backgrounds based on brightness variations and
applied graph-cut algorithms, but misclassified bleed-through ink as characters.
Tensmeyer [15] combined relative darkness features with energy functions using
a five-layer fully convolutional neural network, which suppressed background
stains but caused stroke discontinuities. Additional hybrid methods include pa-
rameter optimization [16], classifier-based [17], and clustering approaches [18].
This paper integrates background estimation with a U-shaped convolutional
neural network for document image binarization, with experimental validation
demonstrating its superior performance.

1 Document Image Binarization Algorithm Integrating
Background Estimation and U-Net
1.1 Algorithm Flow

The proposed method is illustrated in [Figure 1: see original paper]. The algo-
rithmic flow comprises four main stages: (a) grayscale conversion of color docu-
ment images using weighted averaging to obtain grayscale image 𝑓𝑔𝑟𝑎𝑦, followed
by contrast enhancement; (b) background estimation of the contrast-enhanced
image 𝑓𝑒𝑞 via morphological closing operations, where structuring element size
correlates with text stroke width; (c) computation of the difference image be-
tween 𝑓𝑒𝑞 and background estimate 𝑓𝑏𝑔 to produce the background-subtracted
image 𝑓𝑛𝑒𝑔𝑎𝑡𝑒; and (d) segmentation of 𝑓𝑛𝑒𝑔𝑎𝑡𝑒 through the U-Net to obtain 𝑓𝑠𝑒𝑔,
with final binary result 𝑓𝑓𝑖𝑛𝑎𝑙 generated using Otsu’s method.

1.2 Background Estimation

The original document image undergoes grayscale conversion using the weighted
average method shown in equation (1) to produce 𝑓𝑔𝑟𝑎𝑦 [FIGURE:2(b)].

𝑓𝑔𝑟𝑎𝑦(𝑥, 𝑦) = 0.299 × 𝑅(𝑥, 𝑦) + 0.587 × 𝐺(𝑥, 𝑦) + 0.114 × 𝐵(𝑥, 𝑦)

where 𝑅(𝑥, 𝑦), 𝐺(𝑥, 𝑦), and 𝐵(𝑥, 𝑦) represent the red, green, and blue channel
components of the image.

Linear grayscale transformation is applied to 𝑓𝑔𝑟𝑎𝑦 as shown in equation (2)
to obtain 𝑓𝑒𝑞 [FIGURE:2(c)], enhancing contrast between characters and back-
ground.

𝑓𝑒𝑞(𝑥, 𝑦) =
⎧{
⎨{⎩

𝑙1 if 𝑓𝑔𝑟𝑎𝑦(𝑥, 𝑦) < 𝑙1
ℎ2−ℎ1
𝑙2−𝑙1

× (𝑓𝑔𝑟𝑎𝑦(𝑥, 𝑦) − 𝑙1) + ℎ1 if 𝑙1 ≤ 𝑓𝑔𝑟𝑎𝑦(𝑥, 𝑦) ≤ 𝑙2
ℎ2 if 𝑓𝑔𝑟𝑎𝑦(𝑥, 𝑦) > 𝑙2

where pixels with gray values below 𝑙1 and above 𝑙2 constitute 1% and 10% of
the total image, respectively, and ℎ1 = 0, ℎ2 = 255.
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The stroke width transform algorithm [19] computes the gradient at pixel 𝑝
using the Canny operator along ray directions 𝑟 to find matching points 𝑞 (with
gradient 𝑑𝑞). If 𝑑𝑝 and 𝑑𝑞 have opposite directions, the Euclidean distance
between 𝑝 and 𝑞 is calculated and points between 𝑝 and 𝑞 are assigned value
||𝑝𝑞|| (excluding pixels already assigned smaller values). If no matching point
is found, ray 𝑟 is discarded. The stroke width estimate 𝑆𝑊𝐸 for image 𝑓𝑒𝑞 is
computed as:

𝑆𝑊𝐸 = 1
𝑛𝑢𝑚 ∑

(𝑥,𝑦)
𝑠(𝑥, 𝑦), 𝑠(𝑥, 𝑦) ≠ 0

where 𝑛𝑢𝑚 counts non-zero elements in matrix 𝑠(𝑥, 𝑦).
Morphological closing operations with a circular structuring element are per-
formed on 𝑓𝑒𝑞 to obtain the estimated background 𝑓𝑏𝑔 [FIGURE:2(d)]. The
structuring element diameter 𝑑 relates to stroke width as:

𝑓𝑏𝑔 = (𝑓𝑒𝑞 ⊕ 𝑏) ⊖ 𝑏, 𝑑 = 𝑆𝑊𝐸 + Δ𝑑

where ⊕ denotes dilation, ⊖ denotes erosion, 𝑏 represents the structuring element
with diameter 𝑑, and Δ𝑑 is an increment.

The absolute difference between 𝑓𝑒𝑞 and 𝑓𝑏𝑔 yields difference image 𝑓𝑑𝑖𝑓𝑓 [FIG-
URE:2(e)], which is inverted to obtain the background-subtracted image 𝑓𝑛𝑒𝑔𝑎𝑡𝑒
[FIGURE:2(f)]. Compared to the grayscale image, this suppresses background
stains and facilitates character-background separation.

To determine Δ𝑑, we selected 76 images from DIBCO 2009-2014 as training
data. Otsu’s algorithm was applied to background-subtracted images, with
results evaluated using F-measure:

𝐹 = 2 × 𝑅 × 𝑃
𝑅 + 𝑃 , 𝑅 = 𝑇 𝑃

𝑇 𝑃 + 𝐹𝑁 , 𝑃 = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑃

where 𝑇 𝑃 , 𝐹𝑃 , and 𝐹𝑁 represent true positive, false positive, and false negative
pixel counts, respectively. Training results are shown in .

indicates that F-measure is highest when Δ𝑑 = 8, demonstrating optimal back-
ground suppression, thus this value is selected.

1.3.1 U-Net Architecture

The U-shaped convolutional neural network (U-Net) [20] enables end-to-end
training with minimal images and achieved excellent performance in the ISBI
neuron structure segmentation challenge. We adopt U-Net for foreground-
background segmentation of background-subtracted images, with architecture
shown in [Figure 3: see original paper].
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The U-Net consists of a contracting path and a symmetric expanding path. The
contracting path comprises basic units of two 3 × 3 convolutions with stride 1,
followed by 2 × 2 max pooling with stride 2, using ReLU activation functions to
produce low-resolution, high-dimensional feature maps through downsampling.
The expanding path upsamples these feature maps using 2 × 2 transposed con-
volutions that halve feature channels, concatenates them with corresponding
layers from the contracting path, and applies two 3 × 3 convolutions as in the
contracting path. The final layer uses a 1 × 1 convolution with Sigmoid activa-
tion to map input feature vectors to output probabilities:

̂𝑦 = 𝑆(𝑦) = 1
1 + 𝑒−𝑦 , ̂𝑦 ∈ (0, 1)

where 𝑦 is the input feature and ̂𝑦 represents the probability of the pixel being
classified as text.

The network employs logarithmic loss to reflect differences between predictions
and ground truth:

𝐽 = − 1
𝑚

𝑚
∑
𝑖=1

[𝑦𝑖 ln( ̂𝑦𝑖) + (1 − 𝑦𝑖) ln(1 − ̂𝑦𝑖)]

where 𝑦𝑖 is the ground truth, ̂𝑦𝑖 is the prediction, and 𝑚 is the number of
samples. Model parameters are updated via backpropagation.

1.3.2 Network Training

Training data consists of document images after background estimation and
their corresponding ground truth images from DIBCO 2009-2014. Considering
non-uniform image sizes (minimum height of 263 pixels), we cropped images
into 256 × 256 sub-images using a sliding window with stride 214 [Figure 4: see
original paper]. The model was trained on 2,027 cropped image pairs, with
output images stitched according to sliding window positions.

To maximize GPU memory utilization, we set the learning rate to 10−4, batch
size to 1 image, and training iterations to 10. The error rate curve is shown in
[Figure 5: see original paper], stabilizing between 0.013-0.014, indicating model
convergence.

1.4 Global Optimal Thresholding

The U-Net output [FIGURE:6(a)] exhibits a prominent bimodal gray histogram
[FIGURE:6(b)], making it suitable for global optimal thresholding. We apply
Otsu’s method, which determines 𝐿 gray-level components from the histogram
distribution. For each threshold 𝑘 ∈ [0, 𝐿 − 1], we compute foreground and
background pixel proportions 𝑃1(𝑘) and 𝑃2(𝑘):
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𝑃1(𝑘) =
𝑘

∑
𝑖=0

𝑝𝑖, 𝑃2(𝑘) =
𝐿−1
∑

𝑖=𝑘+1
𝑝𝑖

Global mean 𝜇 and class means 𝜇1(𝑘), 𝜇2(𝑘) are calculated as:

𝜇 =
𝐿−1
∑
𝑖=0

𝑖𝑝𝑖, 𝜇1(𝑘) = 1
𝑃1(𝑘)

𝑘
∑
𝑖=0

𝑖𝑝𝑖, 𝜇2(𝑘) = 1
𝑃2(𝑘)

𝐿−1
∑

𝑖=𝑘+1
𝑖𝑝𝑖

Between-class variance 𝜎2(𝑘) serves as separability measure:

𝜎2(𝑘) = 𝑃1(𝑘)[𝜇1(𝑘) − 𝜇]2 + 𝑃2(𝑘)[𝜇2(𝑘) − 𝜇]2 = [𝜇𝑃1(𝑘) − 𝜇(𝑘)]2
𝑃1(𝑘)[1 − 𝑃1(𝑘)]

The optimal threshold 𝑘∗ maximizes 𝜎2(𝑘). The final binary image [FIG-
URE:7(a)] preserves character completeness while suppressing background
stains visible in the bottom-right of [FIGURE:6(a)], showing strong visual
similarity to ground truth [FIGURE:7(b)].

2 Experimental Results
The test dataset comprises 30 images from DIBCO 2016-2017. Evaluation met-
rics include F-measure (FM), pseudo F-measure (p-FM), peak signal-to-noise
ratio (PSNR), and distance reciprocal distortion (DRD), where higher values
for the first three indicate better accuracy and lower DRD indicates lower pixel
misclassification rates [21-23].

compares our algorithm with the top three algorithms from DIBCO 2016 and
2017 (TOP1, TOP2, TOP3). Our method outperforms all three across all four
metrics, demonstrating superior accuracy and robustness.

presents detailed results on DIBCO 2016 data across various algorithms. Time
complexity (Time) represents average processing speed per image in seconds.
Except for Score, all parameters are averaged. The Score comprehensively eval-
uates performance across metrics as:

𝑆𝑐𝑜𝑟𝑒(𝑖) = 1
𝑀

𝑀
∑
𝑗=1

𝑅𝑖𝑗 − min(𝑅(1 ∶ 𝑁, 𝑗))
max(𝑅(1 ∶ 𝑁, 𝑗)) − min(𝑅(1 ∶ 𝑁, 𝑗))

where 𝑅 contains all evaluation metrics {𝐹𝑀, 𝑝-𝐹𝑀, 𝑃𝑆𝑁𝑅, 𝐷𝑅𝐷}, 𝑁 is the
number of algorithms, and 𝑀 is the number of metrics. Algorithms are ranked
by Score.

Experiments were conducted on an NVIDIA GTX1080 8G GPU. While Time
was not included in Score calculation and thus not a performance criterion,
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our algorithm shows the highest FM and PSNR values, lowest DRD and Score,
though with slower processing due to higher complexity.

Tensmeyer achieves high p-FM, indicating good pixel classification accuracy.
Otsu’s fixed global threshold enables fast processing. Our method delivers the
best FM, PSNR, and minimal DRD and Score.

shows DIBCO 2017 results, where Howe_base achieves high PSNR, indicating
high similarity to ground truth. Our method attains the highest FM and p-FM,
lowest DRD and Score, outperforming both traditional binarization algorithms
like Howe_alg3 and Tensmeyer’s neural network model.

[Figure 8: see original paper] presents three representative test images: gut-
ter shadow, thin strokes, and ink bleed-through, with binarization results from
various algorithms. Otsu misclassifies gutter shadows and bleed-through ink
as foreground. Wolf severely breaks strokes in thin and gutter shadow images.
Niblack preserves text boundaries but introduces significant noise. Sauvola loses
fine character details in weak strokes. LMM creates hollow strokes at image
edges. BESE misclassifies bleed-through ink as characters. Howe’s algorithms
[11,12] still misclassify substantial background as foreground in bleed-through
documents. Kligler exhibits stroke discontinuities and poor bleed-through han-
dling. Tensmeyer suppresses background but neglects thin strokes.

Our proposed method effectively addresses complex background interference,
accurately separating textual information and demonstrating superior visual
performance.

3 Conclusion
We propose a document image binarization algorithm integrating background
estimation with a U-shaped convolutional neural network. Background esti-
mation suppresses stains, U-Net classifies document pixels, and Otsu’s method
refines the binary segmentation. Experiments on DIBCO 2016 and 2017 demon-
strate improvements of up to 5.58% in FM, 2.47% in p-FM, 0.86 dB in PSNR,
and 1.19% in DRD over the second-best classical algorithms, confirming our
algorithm’s superior performance.
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