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ABSTRACT

With the increasing number of data-driven models in nuclear applications, large volumes of numerical
data are requiblack to accurately model and pblackict the health status of a plant component. However,
many historical operation logs that contain useful information are not fully utilized due to the lack
of a systematic approach of digitization. To overcome this issue, this study proposes an automatic
pipeline for extracting information from handwritten tabular documents collected from nuclear power
plants. In our pipeline, we first denoise scanned documents with morphological operations, and then
extract relevant parts from individual pages using both traditional computer vision and neural network
methods. Handwriting recognition is applied to obtain text and numbers. As the most challenging step
is how to crop only relevant information, the main focus of our paper is to detect tables and cells from
scanned handwritten documents. We evaluate the efficiency and accuracy of our proposed method on
handwritten operational reports obtained from a real-world case study. The results demonstrate the
high accuracy and practicality of our proposed method.

Keywords nuclear power plants · computer vision · image processing · neural networks · table detection · handwritten
documents
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(a) Bordered table (b) Borderless table

Figure 1: Examples of handwritten operational reports

1 Introduction

With the advent of machine learning, data-driven approaches for ensuring reliable and efficient operation of nuclear
power plants (NPPs) have been attracting more attention (IAEA [2013]). However, large amounts of operation data are
critical for these approaches. While some data in NPPs are traditionally acquired and stored digitally, other data are more
often recorded manually in handwritten form. For example, handwritten operational logs contain useful information
such as the times associated with startup, scrams, and shutdown. Digitization of such data is crucial for accurate and
reliable data-driven decision making in NPPs. To the best of our knowledge, labor-intensive manual processes are
currently required to digitize such handwritten NPP data, and there are no existing automatic approaches. Please note
that the proposed method can also contribute to the diagnostics and prognostics of an NPP that only collects information
in digital form. In particular, a new NPP which collects fully digitized information may not have experienced many
critical anomalies. Without sufficient data samples of historical anomalies, the existing data-driven approaches cannot
achieve accurate anomaly detection performance. In such cases, one strategy is to train a data-driven model using not
only the data samples collected from the new NPP, but also those from other similar NPPs. The proposed method
enables us to obtain historical anomaly data samples from a wider range of NPPs, including those that have collected
non-digital and handwritten information.

To make full use of historical handwritten reports, we propose an automatic system to extract information from reports.
Two examples of handwritten reports are presented in Figure 1. The main challenge in building this system is to crop
only relevant information. For bordered tables as in Figure 1(a), relevant information is written in cells surrounded by
lines; to match handwritten cells with table headers, we need to detect horizontal and vertical lines. Borderless tables
(cf. Figure 1(b)) are more difficult to handle, as the documents are scanned in full size. Most parts of the document
are non-informative, such as instructions and table titles. To efficiently extract only informative data, we first need
to locate and crop the handwritten parts. A common assumption for extracting handwritten information is that the
locations of relevant parts are perfectly aligned with each other in the same types of documents or tables. However, due
to misalignment caused by manual handling, this is often not true in practice. Another challenge is that most modern
machine learning techniques require knowing the ground truth of informative data locations in order to train a complex
model, which is difficult to obtain in our case. In this paper, we effectively solve those problems by using a combination
of traditional computer vision and state-of-the-art neural network methods. Notably, we also utilize a pretrained model
for the neural network.

The rest of our paper is organized as follows: Section 2 gives a literature review of existing work on data digitization
and table extraction. Section 3 describes our system pipeline and methodology. Section 4 presents both analytic and
numerical experimental results on a real-world dataset. In Section 5, we summarize our work and list several future
directions.
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2 Literature review

We begin by mentioning several previous studies which focused on how to obtain digital data in NPPs and how to
automate data acquisition procedures in NPPs. Rashdan and Germain [2019] reviewed various sources of data in NPPs
and proposed advanced methods to automatically obtain digital data from NPPs. Deng et al. [2020] analyzed the
applications and challenges of wireless sensor networks in NPPs. However, one crucial aspect that has not been widely
studied is how to convert existing manually-recorded data into digital form. For instance, in healthcare applications,
several studies have been conducted on the digitization of health records, including Milewski et al. [2009], who proposed
an automatic digitization system for handwritten medical documents. In particular, a novel approach was developed to
reduce lexicons consisting of medical and pharmacology corpora. Unfortunately, these methods from the healthcare
domain cannot be directly applied to NPPs, where the major challenge is to learn the complicated structure of documents
involving complex structures such as tables and checklists.

One crucial step in NPP document digitization is to crop relevant parts (e.g., certain cells in table or the handwritten
portion of a checklist) from the entire scanned document image, which can be considered as a table detection problem
for bordered (with lines) and borderless (without lines) tables. The goal in table detection is to locate table blocks
from pictures of digital documents, e.g., images of academic journals or books. Many studies have been done on
detecting tables from scanned documents, and earlier attempts use traditional image processing methods to tackle this
problem. Gatos et al. [2005] proposed a workflow containing three steps: image preprocessing, horizontal and vertical
line detection, and table detection. In addition, they proposed a new approach for line detection in bordered tables.
Mandal et al. [2006] utilized the fact that for blocks with tables, the white spaces are larger than those of text lines, to
distinguish table blocks from text or image blocks. Shafait and Smith [2010] proposed a pipeline to analyze document
layout with line detection and connected component analysis, which can identify text, image, and table blocks. This
implementation is also a part of the widely-used optical character recognition (OCR) engine called Tesseract.

Besides traditional image processing methods, more recently, neural networks have been widely applied to table
detection by treating it as a special case of object detection. Object detection is one of the most popular topics studied
in computer vision, and aims to identify and locate a certain class of objects from a digital image. Other examples
of object detection applications include face recognition, computer vision systems in self-driving cars, and gesture
recognition. The common practice of object detection is to draw a rectangular box around the target and compare the
coordinates of predicted corners and human labels, which requires substantial work.

Works studying neural network methods for table detection include DeepSeSRT (Schreiber et al. [2017]), TableNet
(Paliwal et al. [2019]), and Graph Neural Networks (Qasim et al. [2019]). However, all of these studies discuss how
to extract tables from scanned images of digital documents such as academic journals, which contain no noise or
handwritten elements. They also utilize a large training dataset with locations of tables annotated by humans. In our
study, we focus on noisy scanned images with no prior annotations, which are very common in NPPs.

3 Methodology

3.1 System pipeline

Figure 2 shows our proposed pipeline for digitizing handwritten operating records, which consists of three steps:

1. First, we preprocess the images with denoising algorithms including thresholding and morphological operations,
as scanned images of handwritten documents contain noise. This will be discussed in Section 3.2.

2. Second, we crop relevant patches from the denoised images using both traditional computer vision algorithms
and neural network methods for table detection. For example, for the bordered table in Figure 1(a), we first
crop only the table in the center of the page, removing titles and other information, and then crop each cell
from the table as separate pieces. This will be elaborated in detail from Section 3.3 to Section 3.5.

3. Third, we apply handwritten recognition algorithms, explained in Section 3.6, to the cropped handwritten
segments and fill in digital tables with recognized numbers.

3.2 Denoising with morphological operations

As our dataset contains manually scanned documents, the images are not as clean as digital documents and require
preprocessing before applying detection algorithms. Morphological operations are simple operations used widely in
image processing, and can be used to remove dotted noise in our scanned images. In morphological operations, a
predefined shape is used as a mask (usually involving simple shapes such as a circle or square). The whole image is
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Figure 2: System pipeline for handwritten document digitization

(a) Dilation (b) Erosion (c) Opening (d) Closing

Figure 3: Example of basic morphological operations

then probed with the mask. Two of the basic operations are dilation and erosion: Dilation increases the size of objects
around boundaries, while erosion decreases the size of objects. Figure 3(a) shows the dilation of an image and Figure
3(b) shows the erosion, where the foreground is in white (pixel value 1) and the background is in black (pixel value 0).
To effectively remove noise in our scanned images, we need to combine those two operations. The opening operation
first applies erosion and then dilation:

Opening(A) = f(g(A)), (1)

where A is an image, f(·) denotes dilation, and g(·) denotes erosion. In contrast, the closing operation first applies
dilation and then eroding:

Closing(A) = g(f(A)). (2)

Examples of opening and closing operations on simple images are presented in Figures 3(c) and (d).

Figure 4(a) shows a part of a scanned image with noise, mostly consisting of small dots in gray. These kinds of “holes”
can be removed using the closing operation, since we have a black foreground and white background (shown as yellow
in plots). We fill holes (black dots) with values close to 0 by first using dilation, as shown in Figure 4(b). Since the
strokes in dilated images are finer than the original image, erosion is then applied to restore the image after dilation,
which could be seen as a dilation of the black parts. The final denoised image is shown in Figure 4(c).

3.3 Methods for bordered tables

For bordered tables (cf. Figure 1(a)), after the proper preprocessing steps mentioned in Section 3.2, it is possible to
utilize contour detection to identify cells, or the Hough line transform to detect lines.

Contour detection is a method for object detection which is designed to extract continuous boundaries from images.
First, we need to "embolden" the handwritten text to make the text within each cell connected. We use morphological
operations to process images, as described in Section 3.2. The result of erosion is shown in Figure 5(b). Then we apply
one of the most well-known contour detection algorithms, proposed by Suzuki et al. [1985], where the erosion image is
scanned to find the rectangular boundaries of cells. The final result is shown in Figure 5(c). Finally, we extract cell
content from scanned tables with detected rectangular contours.
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(a) Original image (b) Dilation of (a)
(c) Erosion of (b), which is equivalent
to closing of (a)

Figure 4: Image denoising with morphological operations

(a) Original image (b) Erosion of original image (c) Applying contour detection on (b)

Figure 5: Results with morphological operations and contour detection

Another method to detect lines from a bordered table is Hough transform as proposed by Duda and Hart [1972]. Hough
transform detects shapes by transforming digital images into a parameter space, and then finds local maxima in this
space. For example, to detect a line, we could transfer the image from the Cartesian coordinate system to the polar
coordinate system. Then a line in the original image is a dot in the polar coordinate image, which could be identified
easily by finding points with maximum pixel values. By choosing appropriate parameters, this algorithm can detect
lines from images, and we can further identify cells by detecting both horizontal and vertical lines from scanned tables.
To remove noise that is not in the form of vertical or horizontal lines, morphological masks are applied before the
transform. We present detailed implementations and results of these two algorithms in Section 4.2.

3.4 Methods for borderless tables

For borderless tables (cf. Figure 5(b)), we propose two different methods to crop relevant parts: template matching and
neural networks with pretrained models.

Template matching is an approach in image processing that identifies parts of a source image that are similar to a
given template image. Most template matching methods are based on sliding the template above the source image
(windowing) and comparing the similarity of each position between the template and the source image patch. The
metric we use to measure similarity is the normalized correlation coefficient, which is defined in Szeliski [2010] as

R(x, y) =

∑
x′,y′ (T ′ (x′, y′) · I ′ (x+ x′, y + y′))√∑

x′,y′ T ′ (x′, y′)
2 ·

∑
x′,y′ I ′ (x+ x′, y + y′)

2
(3)

for coordinate (x, y) in source image I ′. Here, T ′ is the template image and (x′, y′) are coordinates of pixels in
the template image and the corresponding window in the source image. R(x, y) refers to the similarity between the
template image T ′ and the cropped patch from source image I ′ centered at (x, y). As we only require a single-center
coordinate that is most similar to the given template, we then obtain the location of the template patch in the source
image by applying an argmax function to the matrix R.

Using template match, we could locate a given text. And with positions of several surrounding texts, we can further
locate and crop the handwritten part. For example, as illustrated in Figure 6, if our desired area is the handwritten
number in the blue box, we can use the green box "Now" and the red box "LCR Meter" as vertical and horizontal
locators, respectively.

3.5 Neural network-based methods

As mentioned in Sections 3.3 and 3.4, traditional computer vision methods can obtain decent results in table detection,
with effort given to selecting features and tuning parameters. However, for large datasets involving different types of
documents feature engineering requires a great deal of manual work. Convolutional neural networks (CNNs) are a
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Figure 6: Template matching for locating

Figure 7: A typical CNN structure

special class of neural networks which can resolve these issues by using convolutional layers to directly extract features
from digital images.

Figure 7 presents a typical structure of a CNN. Each convolutional layer maps a small patch from the previous layer to
a single pixel. Thus, by stacking several convolutional layers, it is possible to transfer a large image into a relatively
short vector. The parameters in each layer can be trained by back-propagation with properly labeled data.

To train a CNN, labels are required for the training set of images. In table detection tasks, the training data are
image-block (tables and cells) pairs. Human annotators draw borders around targeted tables in scanned document
images. This type of manual annotation is expensive to obtain, and the table positions are often inaccurate. Fortunately,
with the development of deep learning in computer vision fields, many open-source pretrained models are available
to address this issue. The one we adopt in our system is called CascadeTabNet (Prasad et al. [2020]), which is the
latest end-to-end model with state-of-the-art performance on table detection with pretrained data on both bordered and
borderless tables. This model is based on the Cascade mask R-CNN HRNet (Cai and Vasconcelos [2019]), a complex
version of a CNN which stitches together the Cascade R-CNN and HRNet networks. We present more details on this
method in Section 4.3.

3.6 Handwriting recognition

Once the handwritten text segments are isolated following the above procedure, we can apply an existing Application
Programming Interface (API) for handwriting recognition to digitize the text information. Examples include the
state-of-the-art model presented in Toiganbayeva et al. [2021], which achieves 93.48% accuracy on characters. We will
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Figure 8: Reactor schematic diagram

not elaborate on this topic, as it is not the main focus of our study. We refer our audience to the survey in Memon et al.
[2020] for a systematic review of state-of-the-art results and techniques for handwriting recognition.

4 Experiments

In this section, we apply the proposed methodology as described in Section 3 to the two types of documents (containing
either bordered or borderless tables) collected from a real-world nuclear reactor and present both qualitative and
numerical results.

4.1 Data description

The University of Wisconsin Nuclear Reactor (UWNR) is a 1 MW TRIGA (Training, Research, Isotope Production,
General Atomics) reactor that has operated as a teaching and research reactor since 1961 (see Figure 8). Note that the
reactor uses the record management system (RMS) required by the US Code of Federal Regulations, specifically 10
CFR 50.71.2

Our study involves two types of handwritten documents (one operation log and one checklist), collected from the
UWNR over 40 operations from April 2015 to August 2018. The documents were acquired utilizing a Fujitsu ScanSnap
iX500 scanner. The PDF is automatically produced using the ScanSnap Folder application with 1200dpi resolution
for black and white images. Figure 1 shows the examples of these two types of handwritten documents used in our
experiments. In particular, Figure 1(a) is an example of an operational log which is a bordered table (a table with
vertical and horizontal lines that separate cells) and Figure 1(b) is that of a checklist which is a borderless table (a table
without lines). The data include 98 pages of documents with bordered tables and 48 pages of documents with borderless
tables.

4.2 Results for bordered tables

In this section, we discuss experimental results for applying our method to scanned images of bordered tables, as shown
in Figure 1(a). Our goal for this type of document is to crop scanned images into small rectangular cell patches and then
locate every cell. Here, we implement the traditional methods such as morphological operations, contour detection, and
Hough line transforms with the Python library OpenCV-Python by Bradski [2000], as well as the neural network-based
method, CascadeTabNet Prasad et al. [2020], with the MMDetection framework3.

For contour detection, we first dilate the original image with a square kernel of size 15× 15, and then obtain rectangle
cell patches that bound handwritten texts with cv2.findContours and cv2.boundingRect, as in Figure 5. Figure 9
shows an example of the result on one scanned page using contour detection, and Figure 9(b) shows several examples
of extracted cells. Although this method identifies some cells correctly, it makes errors when the handwriting within
one cell is separated, and the accuracy greatly depends on the content within cells.

2https://www.nrc.gov/reading-rm/doc-collections/cfr/part050/part050-0071.html
3https://github.com/open-mmlab/mmdetection
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(a) Results of contour detection (b) Example of extracted contents

Figure 9: Detection of table cells with contour detection

(a) Horizontal line detection (b) Vertical line detection (c) Results on images

Figure 10: Results without tuned parameters

The results of the Hough line transform are shown in Figure 10. The figure shows that Hough line transform detects
letters (either attached or detached to boundaries) within cells as lines, thus making mistakes when we crop cell content.
To address this issue, we tune the parameters in morphological masks to increase the length of those masks. By applying
these tuned masks, we filter out shorter lines that are not table cell separators. The results after tuning the parameters
are presented in Figure 11, which is more accurate that those in Figure 10. The Hough line transform is shown to
outperform contour detection, as it is more robust to various cell content.

Since we do not have the exact coordinates of each cell box (ground truth), to present some numerical results, we use an
alternative measure to evaluate the overall performance on scanned documents. In particular, we measure the number of
intersection points, horizontal lines, and vertical lines as the ground truth, and compare these with the numbers detected
by the algorithm. Table 1 presents the resulting average count and its standard deviation (in parentheses) in each of

(a) Horizontal line detection (b) Vertical line detection (c) Results on images

Figure 11: Results after tuning parameters
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(a) 112a (b) 112b

Figure 12: Two types of bordered tables

Document type Methods Intersections Horizontal lines Vertical lines
112a Proposed Method 356.66± 22.80 27.94± 0.48 15.77± 0.66

Ground Truth 382 28 16
112b Proposed Method 355.42± 23.30 30.44± 0.76 12.91± 0.53

Ground Truth 390 30 13
Table 1: Results for bordered tables by document type

two types of bordered tables: Document 112a and Document 112b, as shown in Figure 12. Results of the proposed
method are generated with Hough line transforms and parameter tuning. Documents 112a and 112b each consist of 49
pages. Table 1 shows the numbers of lines and intersections detected by our algorithm are close to the ground truth. In
addition to that, we checked that the locations of the detected intersection points, horizontal lines, and vertical lines are
well-aligned with their true locations through manual visual inspection.

For the neural network-based method, a set of training data is often required which contains ground truth about the
exact locations of tables. To resolve the issue of not having annotated data, we use a pretrained model "ICDAR 19
(Track B2 Modern) table structure recognition" from Model Zoo of CascadeTabNet4. All pretrained models were
trained on digital images of PDF files instead of handwritten scanned documents, which therefore contain less noise
than our dataset. For bordered tables, CascadeTabNet can detect the outer boundary of the table but not the cells. The
result of the pretrained model on our bordered table document is presented in Figure 13. This table border detection can
be regarded as a filtering mask if we only want to extract information within a bordered table (in our case, the yellow
rectangle in the plot). This filter is especially important if the table is surrounded by other texts. In all 98 pages, the
model successfully detects the table borders.

4.3 Results for borderless tables

In this section, we present results for borderless tables as shown in Figure 1(b), using both the traditional method
(template matching) and the neural network method.

For template matching, we present an example of the results in Figures 14 and 15. In order to better display the details,
we show a zoomed-in version of the original document. we first compute correlation coefficients for the original image
and template image, yielding the normalized correlation coefficient matrix shown in Figure 14(b). Results of applying
different thresholding methods to binarize the document (i.e., pixel values above the threshold are replaced by 1 and
those below the threshold are replaced by 0) are also shown in Figure 15. The larger the threshold, the fewer white
dots we have in the plot, which correspond to possible positions of template centers. The location with maximum pixel
value is selected as the position of the template. By choosing 7 template patches of header texts to locate 5 rows and 2
columns, we can identify locations of all cells.

4https://github.com/DevashishPrasad/CascadeTabNet#6-model-zoo
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Figure 13: Table border detection with CascadeTableNet

(a) Original image and template (highlighted in red
rectangle) (b) Normalized correlation coefficient matrix R

Figure 14: Results of template matching

(a) Threshold 0.1 (b) Threshold 0.3 (c) Threshold 0.6

Figure 15: Correlation coefficient matrix with different threshold values
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Figure 16: Table border and cell detection with CascadeTableNet

For the neural network-based method, we apply CascadeTabNet pretrained on borderless tables to the denoised scanned
documents. The outputs of this neural network model are similar to the template matching methods by finding the
location of each number (cell) as well as the outer boundary of the table from the document page. An example of the
results is shown in Figure 16.

To obtain numerical results for borderless tables, we measure the number of errors in each document. There are 10 cells
on each page and 48 pages in total. For template matching, we have 100% accuracy on cells, and for neural network
methods, the average number of missed cells per page is 1.02, with a standard deviation of 0.97. In the following
subsection, we will discuss more details about the results.

4.4 Discussion

For bordered tables, we observe that the number of intersection points detected is on average less than the ground truth,
as in Table 1. This happens when the Hough line transform fails to detect a table border. For instance, Figure 17(a)
presents an example where the Hough line transform fails to detect several intersections (blue dots) on the left-most
vertical line, as it is a double line and handwriting is adjacent to table lines (highlighted in the red box).

In Section 4.3, we present results for borderless tables with both template matching and neural network methods.
Compared to bordered tables, borderless tables are in general more difficult to detect, as the structure is not as clear as in
bordered tables. Template matching has higher accuracy; however, it can only be applied to a certain type of document.
Here, the certain type of document means the handwritten filled document from the same printed table with the same
template. For example, in Figure 16, the handwritten numbers could be different, but the column and row names are
fixed. Thus, the templates used in template matching remain the same for such type of document. For each new type of
document, human effort must be expended to manually select templates. Results for the neural network-based method
with pretrained models are not as good as template matching, but neural network methods do not need any templates
and can be applied directly to any documents. Figure 17(b) shows an example of errors that may be incurred when the
content in a cell is "slim" (highlighted in the red box), since the neutral network may fail to detect it as a cell. Template
matching has the drawback of requiring human work on selecting and cropping templates, thus is recommended in cases
when there are limited types of handwritten reports and human operators can easily process the documents manually. If
many reports are filled out of the same blank table document, template matching is very efficient. On the other hand,
the neural network-based method has the drawback of requiring annotated data. This method is preferable when there is
a large amount of labeled training data available which may be used to train a reliable neural network, or, in our case, a
pretrained neural network with a similar dataset.When the proposed method is employed in other real-world cases, it
could be validated by examining random samples of outputs and errors like in Figure 17. It could also be validated by
looking at the values contained in cells after handwritten recognition.
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(a) Errors in Hough line transform (b) Errors in neural network method

Figure 17: Examples of errors

5 Conclusions and future work

In this study, we have proposed a systematic digitization framework for table-structured handwritten documents
collected from NPPs. To the best of our knowledge, this is the first study focusing on digitizing NPP documents. In
order to extract useful information from both bordered and borderless tables, we applied traditional computer vision
methods and convolutional neural networks. For bordered table, we adopted Hough line transforms and conducted
parameter tuning to detect desired areas. For borderless tables, as the document types are limited for NPP documents
(all of the pages are from the same template and only the handwritten parts are different), template matching was shown
to outperform the neural network-based method. In numerical studies involving a real handwritten operational log
dataset, the proposed combination of neural network methods and traditional computer vision methods yielded good
results for both bordered and borderless tables.

This paper is a companion to a broader study focused on predictive health of plant components. The overall goal is to
enhance the capability to predict when a plant component (for instance, a critical pump) would reach a failure point.
Because important operational data for nuclear plant operations are captured in handwritten logs, this study advanced
the ability to rapidly digitize handwritten logs so that operator data can be included with digital data coming from
sensors. This study could potentially benefit plant operators to extract information from handwritten records, and
further, to construct data-driven predictive models for plant components’ health.

There are still drawbacks of our methods and while a mistake occurs in table detection or handwritten recognition, it
would result in a potential outlier for the study of our data. Several topics exist for future works to eliminate those
drawbacks: One possible research direction is to improve the performance of table detection. Our current pipeline is
using manually annotated documents and finetuning CascadeTabNet with specific data. In addition, as the tables are
handwritten, there can be text written across multiple cells. One might merge adjacent cells to address such situation.
The other research direction is to improve the handwritten recognition part of our pipeline, which has not been addressed
in detail in our current research. Although the state-of-the-art recognition accuracy of handwritten recognition is
reasonably high, there is still a possibility that the OCR API algorithms misread handwritten numbers. To eliminate
this problem, we propose three steps after the handwritten API. First, use domain knowledge and outlier detection
algorithms on the output number. For example, the method may alarm users when the digitized fuel temperature is
negative. We could also apply outlier detection to alarm users when the number from one document is very different
from those from other documents. Second, set a threshold on the confidence of the output number. The handwritten API
will output the prediction confidence for each specific number. The system may automatically filter out the numbers
with very low prediction confidence. Third, although the API was trained on handwritten numbers in many different
styles, it is possible that the recorder wrote in a style that is not in the dataset and difficult to recognize. We could
also finetune the API by adding a small dataset of numbers written specifically by the operators to learn their unique
handwriting styles.
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