Evaluating Deep Neural Networks for Faithful Restoration of
Historical Documents

Filip Tuch*

Supervised by: Zuzana Cernekovd

.t

Department of Applied Informatics
Comenius University in Bratislava
Bratislava, Slovakia

Abstract

The digitisation of historical archives is frequently hindered
by physical degradation of documents, requiring costly
manual restoration or automated approaches based on deep
learning. Although deep learning offers powerful tools for
restoration, its application in this domain raises significant
safety concerns about semantic fidelity, specifically the risk
of ‘hallucinating’ false characters that alter the meaning
of the document. This paper evaluates and compares the
safety and efficacy of three distinct deep learning architec-
tures: a Generative Adversarial Network (Pix2Pix) and two
Convolutional Neural Networks (DnCNN and DRUNet) in
the restoration of degraded text documents. We introduce a
synthetic dataset generation pipeline that simulates various
types of degradation commonly found in historical docu-
ments, along with the extraction of precise textual ground
truth for accurate evaluation. Beyond traditional image
quality metrics, we propose a safety assessment framework
that distinguishes between safe errors (deletions or data
loss) and unsafe errors (substitutions or insertions) in the
context of text restoration. Our results demonstrate that
while the generative Pix2Pix improves visual quality and
general readability, it is unsafe for document restoration
due to the frequent introduction of ‘hallucinated’ charac-
ters. On the contrary, DnCNN and DRUNet exhibit safer
restoration capabilities by minimising both safe and unsafe
errors, achieving superior results in both semantic safety
and image quality metrics.

Keywords: document restoration, deep learning, halluci-
nation, semantic fidelity, safety assessment, image quality
assessment

1 Introduction

Preservation of cultural heritage is highly dependent on
digitisation of archives, to ensure that manuscripts, records,
and literary works remain accessible to future generations.
However, many of these documents suffer from physical
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degradation over time [} 2], including fading ink, stains,
tears, mould, and foxing, as well as artefacts introduced
during the digitisation process itself, such as uneven light-
ing, blurriness, or noise. Although manual restoration by
experts is effective, it can be a labour-intensive and costly
process that may not be scalable for large archival projects.
Consequently, automated restoration approaches have be-
come a necessary alternative.

Related work. Recent advances in computer vision have
demonstrated promising capabilities in this domain. Deep
learning architectures have been widely adapted for docu-
ment enhancement and image restoration in general, using
Convolutional Neural Networks (CNNs) [3, 4 15, 6], Gen-
erative Adversarial Networks (GANSs) [7, 8], transformer-
based models [9, [10], diffusion models [[L1] or recurrent
models [12]. Generative models, in particular, are favoured
for their ability to produce visually clean outputs from
heavily degraded inputs. However, the application of these
models to documents with textual data raises a critical
safety concern: semantic fidelity. Unlike natural image
restoration, where a ‘hallucinated’ object may be accept-
able, document restoration requires absolute precision. A
‘hallucinated’ character, e.g. a model changing a ‘3’ to
an ‘8’ or a ‘price’ to a ‘prize’, can significantly alter the
meaning of the text, leading to misinformation or misin-
terpretation of historical records. Despite this risk, the
evaluation of document enhancement models remains heav-
ily biased toward perceptual quality. The performance
of these models is typically assessed using only standard
Image Quality Assessment (IQA) metrics such as Peak
Signal-to-Noise Ratio (PSNR) and Structural Similarity In-
dex Measure (SSIM) 5,18 9L [11]. Although these metrics
effectively quantify visual fidelity, they do not account for
semantic accuracy, meaning that a restored document can
achieve a high PSNR score while containing critical textual
errors. For example, in [12], the authors have reported that
the removal of degradation artefacts is an important step
in the restoration process and text extraction, but did not
compare the Optical Character Recognition (OCR) results
of degraded and restored documents. In another example,
the authors of [[7]] computed the OCR performance on only
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four instances of degraded-restored document pairs, which
could be insufficient to draw meaningful conclusions about
the performance of the model in terms of semantic fidelity.
More notably, a survey [13] on document enhancement
models explicitly excluded OCR metrics from its scope,
highlighting a gap in the field regarding the functional
safety of these models.

Our contribution. This paper addresses this gap by
prioritising semantic safety over visual quality in docu-
ment restoration evaluation. We investigate the extent to
which deep learning models preserve textual integrity by
implementing and training three distinct architectures —
Pix2Pix [14], DnCNN [4], and DRUNet [3]] — on a custom
benchmark datasetﬂ We developed a synthetic document
generation pipeline to create a dataset that simulates vari-
ous types of degradation commonly found in documents.
To evaluate the models, we introduce a safety assessment
framework that categorises OCR errors into safe errors
(deletions or data loss) and unsafe errors (substitutions or
insertions). Through analysis using both IQA metrics and
our proposed safety metric, we provide a comprehensive
comparison of the models’ performance and safety in doc-
ument restoration tasks.

2 Synthetic dataset generation

A fundamental requirement for training supervised restora-
tion models is the availability of a large dataset containing
pixel-aligned pairs of degraded inputs and clean ground
truth targets. While real-world datasets of degraded doc-
uments exist, e.g. DIBCO [15]] or Labeculae Vivae [16],
they typically provide binarized masks rather than clean
reconstructions or lack paired ground truth entirely. Addi-
tionally, evaluating semantic fidelity requires access to the
original text of the documents, which is often unavailable
in real-world datasets.

To address the lack of paired ground truth in real-world
document datasets, we implemented a custom Python gen-
eration pipeline to create a synthetic dataset of degraded
images with known ground truth. We selected English and
Czech texts from the Project Gutenberg repositoryﬂ en-
suring that the models are robust to diacritics. The paper
textures and stains were sourced from Texture Labs| to
simulate realistic degradations.

2.1 Generation pipeline

We implemented a multi-stage pipeline to produce the syn-
thetic dataset. The process is illustrated in Figure[l]

IThe source code, dataset, training logs and model checkpoints are
available at: https://github.com/filippt1/doc_safety/.

Zhttps://gutenberg.org

3https://texturelabs.org
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Figure 1: Overview of the synthetic dataset generation
pipeline. The process consists of processing the input text,
generating a clean document image, and simulating degra-
dations to create the degraded input image.

Generating clean documents. First, the input texts were
preprocessed by removing unwanted characters (e.g. ‘_’,
“>’) and paginated into segments that fit images of size
256 x 256 pixels. For each page, we select a random font
from a set of standard typefaces (e.g. Times New Roman,
Georgia) with sizes ranging from 14pt to 24pt. The text is
rendered onto a white background with randomised mar-
gins and alignment. To mimic the non-uniformity of real
ink, character strokes are not rendered as perfect black,
but rather with variations in grey levels. The rendered text
is then blended onto a randomly cropped paper texture.
This results in clean and legible documents that retain the
appearance of paper.

Simulating degradations. The degraded input is gener-
ated by applying a stochastic sequence of transformations
to the clean document. These transformations include the
addition of a ‘bleed layer’ of text from the following or
preceding page (with probability p = 0.4), the blending
of stains from the sourced dataset (p = 0.7) and the in-
troduction of random morphological erosion and dilation
(p = 0.4). To simulate digitisation artefacts, we inject
salt-and-pepper noise (p = 0.3) and apply Gaussian blur
(p = 0.7) with a random kernel size (3 x 3 or 5 x 5).

Textual ground truth. Crucially, the pipeline exports the
exact text corresponding to the rendered image. This allows
for a precise evaluation of semantic fidelity, rather than
relying on an OCR engine’s interpretation of the clean
document.

2.2 Dataset partition

The final dataset consists of generated image pairs (x,y)
along with their textual labels. To ensure reproducible eval-
uation, we partitioned the dataset using a fixed random seed
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into training (80%), validation (10%), and testing (10%)
sets. In total, we generated ~ 21000 image pairs, with
~ 16800 for training, ~ 2100 for validation and ~ 2100
for testing. Figure [2] shows samples from the synthetic
dataset, illustrating the variety of degradation types simu-
lated.

;]%nd conduct, I am sure.
You must not disappoint
your father.” "My dear
aunt, this is being
serious indeed.” “Yes,
““and I hope to engage you
to be serious likewise.”
“Well, then, you need not
be under any alarm. I
will take care of myself,

"

EY .

=

(a) Ground Truth A (b) Degraded Input A

(c) Ground Truth B (d) Degraded Input B
Figure 2: Visualizing the synthetic dataset. Top row: A
sample from the English corpus exhibiting stained paper,
text bleeding through, and blur. Bottom row: A sample
from the Czech corpus showing stained paper.

3 Methodology

To evaluate the trade-off between perceptual quality and
semantic fidelity in document restoration, we utilise three
distinct deep learning architectures: DnCNN, DRUNet, and
Pix2Pix. These models were selected to represent different
approaches in image restoration: discriminative convolu-
tional neural networks and generative adversarial networks.
For this study, we reimplemented all three architectures
in Tensorflow/Keras and trained them from scratch on our
synthetic dataset.

3.1 Discriminative models

DnCNN. We implemented the Denoising Convolutional
Neural Network (DnCNN) as proposed by Zhang et al. [4].
Consistent with the original strategy, the network predicts
the residual noise map Z(x), obtaining the restored image
via § = x — Z(x). The architecture consists of 17 convolu-
tional layers, each with 64 filters of size 3 x 3, separated by
Batch Normalisation and ReLLU. The model is optimised by

minimising the Mean Squared Error (MSE) loss between
the degraded-clean image pairs.

DRUNet. To capture more complex degradation pat-
terns, we also implemented the Denoising Residual U-Net
(DRUNet) architecture introduced by Zhang et al. [3]]. The
network integrates Residual Blocks into a four-scale U-Net
architecture. Skip connections concatenate features from
the encoder to the decoder to preserve spatial details. Each
scale processes features through a series of four Residual
Blocks, with each block containing two convolutional lay-
ers separated by ReLU activations. As with DnCNN, this
model is trained to minimise the MSE loss between the
predicted and ground truth images.

3.2 Generative model

Pix2Pix. For the generative approach, we implemented
the Pix2Pix architecture proposed by Isola et al. [14], a
conditional GAN designed for image-to-image translation
tasks. The architecture consists of two adversarial net-
works: a generator and a discriminator. We utilise a stan-
dard 8-layer U-Net generator, which features an encoder-
decoder structure with skip connections between corre-
sponding layers, resembling the DRUNet architecture with-
out Residual Blocks. The encoder uses Convolution-Batch
Normalization-Leaky ReLU blocks, while the decoder
uses Transposed Convolution-Batch Normalization-ReLLU
blocks, with Dropout (p = 0.5) applied in its first three
layers. The discriminator is a PatchGAN classifier that
classifies the input images as real or fake. Its architec-
ture consists of 4 Convolution-Batch Normalization-Leaky
ReLU blocks, followed by a final Convolution layer that
outputs the real/fake classification. The weights are ini-
tialised using random normal initialisation.

For adversarial training, we use the standard Binary
Cross-Entropy (BCE) loss. The discriminator is trained
to minimise the classification error for both real and fake
images, while the generator is trained to maximize the prob-
ability that the discriminator classifies its output as real. To
ensure structural fidelity to the ground truth, the generator’s
objective is combined with a Mean Absolute Error (MAE)
loss. We set the MAE weight to A = 100, placing a strong
emphasis on accuracy at the pixel level.

3.3 Training procedure

The discriminative models were trained for 100 epochs
with batch size 16 for DnCNN and 8 for DRUNet, using
the Adam optimiser with a learning rate of 10~. Pix2Pix
was trained for 200 epochs with a batch size of 64, using the
Adam optimiser for both the generator and the discrimina-
tor, with learning rates of 2- 10~*. The model checkpoints
were saved based on the validation performance: minimum
validation loss for DnCNN and DRUNet and minimum
validation generator loss for Pix2Pix. The training was
performed on an NVIDIA RTX 4080 Super GPU, with
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Table 1: Performance comparison of the three restoration models on the test set. DRUNet achieves the best results across

all metrics. Note that Pix2Pix shows a large performance drop on EasyOCR.

Model | PSNR | SSIM | MSE | CER (Tesseract) | CER (EasyOCR)
Degraded Input | 20.77 | 0.60 | 1210.59 | 0.52 | 0.47
Pix2Pix 24.02 423.48 0.14 0.22
DnCNN 26.92 206.56 0.07 0.15
DRUNet 32.58 58.11 0.03 0.08
Clean Target ‘ - ‘ ‘ - ‘ 0.01 ‘ 0.07
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(b) Pix2Pix
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(c) DnCNN
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do jeho aktovky. Dekuji

ti za pujéeni, Fekl Hajek
po chvili. A kam ty sis
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(e) Ground Truth

Figure 3: Visual comparison of a degraded input, its enhancements with Pix2Pix, DnCNN and DRUNet, and the target

ground truth.

training times of approximately 7 hours for DnCNN, 17
hours for DRUNet, and 4 hours for Pix2Pix.

4 Results

We evaluated the models on the held-out test set of our syn-
thetic dataset. To ensure the reliability of our text extraction
metrics, we use two distinct OCR engines, Tesseract and
EasyOCR, which have different architectures and training
data.

We establish two baselines. The degraded (non-
enhanced) input images define the lower bound for the
raw legibility and quality of the documents. The clean
(ground-truth) target images define the upper bound for the
perceptual quality and establish the inherent error rate of
the OCR engines themselves.

4.1 Metrics

To provide a comprehensive evaluation, we employ three
categories of metrics.

Image Quality Assessment. We use standard metrics
to measure the pixel-level and structural fidelity between
the reconstructed and ground truth images: Peak-Signal-to-
Noise Ratio (PSNR), Structural Similarity Index Measure
(SSIM) and Mean Squared Error (MSE).

Text Recognition Accuracy. To quantify legibility, we
used the Character Error Rate (CER). This metric uses the

Levenshtein distance, which measures the minimum num-
ber of single-character edits (substitutions, deletions, inser-
tions) required to change the predicted text into the ground
truth text. The CER is calculated as (S+D+1)/N where
S, D, and I represent the number of substitutions, deletions,
and insertions, respectively, and N is the total number of
characters in the ground truth. Alignment is resolved by
dynamic programming, which prefers a substitution (cost 1)
over a deletion followed by an insertion (cost 2). For ex-
ample, ground truth ‘computer’ vs. prediction ‘cmputors’
yields one deletion (‘0’), one substitution (‘e’ to ‘0’), and
one insertion (‘s’). This produces CER = 3/8 = 0.375.

Safety Assessment. Because the standard CER aggre-
gates all errors into a single score, we distinguish between
errors to assess semantic safety. We categorise deletions
as safe errors, as they represent loss of data without intro-
ducing false information. In contrast, we categorise substi-
tutions and insertions as unsafe errors (hallucinations), as
they introduce false information that appears legible. An
unsafe model is one that introduces a significant number of
unsafe errors, potentially altering the meaning of the text.

4.2 Image quality and character error analy-
sis

Table [I] summarises the performance in all metrics.
DRUNet achieves the best overall results, achieving the
highest PSNR and SSIM scores, along with the lowest CER
across both OCR engines. On the other hand, the Pix2Pix
model significantly underperformed. Although designed to
improve the visual quality of images, it scored the lowest

Proceedings of CESCG 2026: The 30" Central European Seminar on Computer Graphics (non-peer-reviewed)



Safety Profile: Hallucinations vs Data Loss
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Figure 4: Safety profile analysis showing the breakdown of Character Error Rate (CER) into safe errors (deletions) and
unsafe errors (substitutions and insertions) for each model. Pix2Pix introduces higher number of unsafe errors compared to

the degraded input, indicating ‘hallucination’ of characters.

in PSNR and SSIM, and also exhibited the highest CER,
particularly with EasyOCR. DnCNN performed well, sur-
passing Pix2Pix in both image quality and text recognition
accuracy, while falling slightly short of DRUNet.

4.3 Visual comparison

In Figure 3] we present a visual comparison of restored
documents. The example shows that Pix2Pix tried to restore
the image by creating strong edges and textures, but in
doing so, it introduced significant artefacts and distortions,
which likely contributed to its poor performance in both
IQA and CER metrics. DnCNN produced a cleaner image
with fewer artefacts, but was more conservative in restoring
the text, which resulted in a blurrier output. DRUNet,
however, effectively removed the stains and preserved the
character details, resulting in a visually clean document
that closely resembles the ground truth.

4.4 Safety profile analysis

In Figure [d] we plot the safe and unsafe error rates for
each model, along with the degraded input baseline. The
degraded input is primarily characterised by safe errors, as
degradation renders the text illegible. DnCNN and DRUNet
effectively recover these data, while keeping the unsafe
errors low. In contrast, Pix2Pix exhibits a dangerous profile,
with an increase in unsafe errors compared to the degraded
input. In Appendix [A] we provide confusion matrices for
Pix2Pix and DRUNet evaluated with Tesseract, illustrating

the most common character substitutions and highlighting
the ‘hallucinating’ behaviour of Pix2Pix.

In addition, we analysed special characters with diacrit-
ics from the Czech corpus, which are particularly prone to
alteration by the models due to their visual features. Table[2]
presents a detailed breakdown of the models’ performance
on the 5 most frequent characters with diacritics. We can
see that DRUNet consistently outperforms the other models
in both accuracy and minimising unsafe errors for these
characters, while Pix2Pix shows the lowest accuracy and
highest unsafe error rates, often substituting characters with
diacritics with visually similar but incorrect characters.

4.5 Discussion

The evaluation results reveal differences in the performance
and safety profiles of the three restoration models. These
are primarily driven by their architectural differences and
training objectives.

Pixel-wise optimization vs. generative modeling. Our
analysis shows the risks of generative models in document
restoration. While Pix2Pix produces perceptually plausible
images, it frequently ‘hallucinates’ characters, replacing
uncertain text with incorrect alternatives. In contrast, dis-
criminative models (DnCNN and DRUNet) trained with
pixel-wise loss act conservatively: when faced with uncer-
tainty, they are more likely to leave characters degraded
(safe errors) rather than risk introducing incorrect charac-
ters (unsafe errors).

Proceedings of CESCG 2026: The 30" Central European Seminar on Computer Graphics (non-peer-reviewed)



Table 2: Performance analysis of DnCNN, DRUNet, and Pix2Pix on the 5 most occurring characters with diacritics. OCR

was performed using the Tesseract engine. We can see that the ‘I° character is substituted into ‘i’ in 27.1% of cases by

172

Pix2Pix.

Character | Count | Model Accuracy | Most Common Error | % Error
DRUNet 88.2% i 9.0%

i 4501 | DnCNN 72.2% i 19.0%
Pix2Pix 57.7% i 27.1%

DRUNet 93.0% a 5.0%

a 4075 | DnCNN 84.8% a 9.0%
Pix2Pix 76.6% a 10.3%

DRUNet 94.8% é 2.5%

¢ 3766 | DnCNN 88.0% é 5.2%
Pix2Pix 74.3% é 11.9%

DRUNet 94.0% zZ 1.5%

Z 2455 | DnCNN 88.4% deletion 4.3%
Pix2Pix 75.1% deletion 8.2%

DRUNet 94.3% deletion 1.6%

iy 2369 | DnCNN 86.8% deletion 3.5%
Pix2Pix 73.7% deletion 7.7%

Global context vs. local details. Comparing the two
discriminative models, DRUNet outperforms DnCNN, par-
ticularly in removing spatially complex degradations such
as stains and bleed-through. As observed in the visual
comparison (Figure [3), DnCNN struggled to remove large
background stains, effectively treating them as valid doc-
ument textures. This limitation can be attributed to the
shallow receptive field of DnCNN and standard CNNs in
general. These architectures process the image in small
local patches without capturing broader contextual infor-
mation. However, DRUNet leverages its U-Net architec-
ture. Its downsampling path enables the model to capture
global context and recognize large-scale degradation pat-
terns (such as stains), while the upsampling path ensures
the reconstruction of local character details and accurate
paper textures. This approach enables DRUNet to achieve
the best balance between aggressive removal of degrada-
tion and the preservation of the finer textual and textural
structures.

5 Conclusion

The automated restoration of historical documents presents
a unique challenge in which the enhancement of visual
quality needs to be balanced with the accurate preserva-
tion of the original text. In this paper, we evaluated the
functional safety of three deep learning models — DnCNN,
DRUNet and Pix2Pix — on a synthetic dataset of degraded
text documents. By introducing a safety assessment frame-
work that distinguishes between safe errors (deletions) and
unsafe errors (hallucinations), we showed risks that are
often overlooked by traditional image quality metrics.

We show that while generative models like Pix2Pix can
greatly improve the visual quality of degraded documents,

they could potentially be unsafe for archival purposes. The
tendency of the generative model to ‘hallucinate’ characters
and remove diacritics poses a significant risk of altering
historical records. On the contrary, discriminative models
trained with pixel-wise objectives proved to be more ef-
fective and conservative while enhancing the text. Among
them, DRUNet proved to be the superior architecture, lever-
aging its U-Net structure to efficiently remove document
degradations while preserving the original document con-
tent.

We conclude that, for digitisation of historical archives,
the field should shift from assessing the performance of
restoration models purely based on image quality metrics,
to assessing also the integrity of the models and their risk
of altering the content of the documents.

Future work could include evaluating a wider range of
architectures, including transformer-based models and dif-
fusion models, which have shown promise in image restora-
tion tasks. Additionally, developing a model that explicitly
incorporates OCR feedback into the restoration process
could further enhance the semantic fidelity of restored doc-
uments. Applying the proposed safety assessment frame-
work to real-world historical document datasets would pro-
vide valuable insights into the practical implications of
these models in archival digitisation projects.
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A Character confusion matrix

Confusion Matrix: Pix2Pix + Tesseract
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Figure 5: Comparison of character confusion matrices for Pix2Pix and DRUNet evaluated with Tesseract. Note the
‘hallucinating’ behaviour of Pix2Pix, which frequently substitutes characters with visually similar but incorrect alternatives.
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