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From Detection to Application: Recent Advances in
Understanding Scientific Tables and Figures

JIANI HUANG, Wuhan University, Wuhan, China

HAIHUA CHEN, University of North Texas, Denton, United States
FENGCHANG YU, Wuhan University, Wuhan, China

WEI LU, Wuhan University, Wuhan, China

Tables and figures are usually used to present information in a structured and visual way in scientific docu-
ments. Understanding the tables and figures in scientific documents is significant for a series of downstream
tasks, such as academic search, scientific knowledge graphs, and so on. Existing studies mainly focus on de-
tecting figures and tables from scientific documents, interpreting their semantics, and integrating them into
downstream tasks. However, a systematic and comprehensive literature review on the mining and application
of tables and figures in academic papers is still missing. In this article, we introduce the research framework
and the whole pipeline for understanding tables and figures, including detection, structural analysis, interpre-
tation, and application. We deliver a thorough analysis of benchmark datasets, recent techniques, and their
pros and cons. Additionally, a quantitative analysis of the effectiveness of different models on popular bench-
marks is presented. We further outline several important applications that exploit the semantics of scientific
tables and figures. Finally, we highlight the challenges and some potential directions for future research. We
believe this is the first comprehensive survey in understanding scientific tables and figures that covers the
landscape from detection to application.
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1 INTRODUCTION

The rise in the volume of digitized documents over the last two decades has posed a challenge to
traditional manual analysis methods, and Al technologies are bringing document analysis into a
new era. Therefore, significant efforts have been made in employing Natural Language Process-
ing (NLP) and Computer Vision (CV) techniques to tackle the tasks involved in understanding
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(c) CiteSeer (d) Open-i
Fig. 1. Academic table and figure retrieval systems.

document elements. Texts, tables, and figures are the three crucial elements of documents. A table
presents data in a structured form, while a figure can eliminate potential language differences due
to its intuitive nature. Therefore, semantic analysis in tables and figures receive broad attention in
the existing literature [14, 44, 56, 70, 71, 113, 144, 167, 195].

Tables and figures frequently appear in scientific documents. Yu et al. [192] discovered an aver-
age of five figures per biomedical paper in Proceedings of the National Academy of Sciences
(PNAS). They are typically used to present the experimental setup and results, contextual infor-
mation, and term definitions. Due to the innovation and credibility of academic papers, the tables
and figures in them have higher knowledge density and reliability than in ordinary documents.

Understanding the tables and figures in scientific documents is significant for a series of down-
stream tasks, such as academic search, scientific knowledgebase construction, and so on. For ex-
ample, an increasing number of retrieval systems, such as Vizio Metrics,’ Google,2 CiteSeer,> and
Open-i,* integrate table and figure retrieval into their functions to enhance search performance,
as shown in Figure 1. Moreover, Zhu et al. [204] found that taking the content of figures into
account can significantly improve user satisfaction with the informativeness of academic article
summaries. Tab2Know [85], a knowledgebase of tables in scientific papers, could assist users in
finding answers without accessing the papers. Additionally, it can serve various purposes, such as
categorizing papers, identifying inconsistencies, and detecting plagiarized content.

Over the last 30 years, there has been a growing focus within the research community on scien-
tific tables and figures, as illustrated in Figure 2, derived from Web of Science searches using the
query “scientific documents figure/table”. We collected the survey paper on understanding tables
and figures over the past decade, as presented in Table 1. Previous surveys primarily emphasized
either tables or figures. Although Bhatt et al. [13] addressed both figures and tables, their focus
is primarily on the detection task. The works of [13, 35, 56, 106, 109], involved figures or tables

http://viziometrics.org/
Zhttps://www.google.com
Shttps://citeseer.ist. psu.edu/
4https://openi.nlm.nih.gov/
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Fig. 2. The number of papers on scientific tables and figures retrieved in the Web of Science, from the period
1990 to 2023.

Table 1. Previous Surveys Related to Table and Figure Understanding within Ten Years

Survey  Year Scope Table Task Experiment Evaluation Dataset  Application
Y P /Figure Results Metrics ~ Summary  Summary
tati lassificati
[109] 2013  general topics segmentation, classitication, 4 X X X
interpretation
[184] 2020 scientific topics retrieval X X X v
%
[56] 2021 eneral topics detection, structure analysis v v v X
8 P Y
[157] 2021 statistical topics interpretation, reasoning v v v v
13 2021 eneral topics detection v v v X
8 P!
. detection, classification,
[35] 2021  general topics data extraction X 4 v v
[106] 2022 eneral topics interpretation v v v X
8 P P
181 2022 visualization reasoning, assessment, etc. X X X v
8
[47] 2023 medical, interpretation X v v X

scientific topics
classification, data extraction,

1 - .
[10] 2023 statistical topics description generation

X X X

>

denotes table, while  is figure. Scope describes the scope or area of the figures or tables in this survey.

on general topics, deviating somewhat from scientific figures and tables. Yang et al. [184], Shahira
and Lijiya [157], and Farahani et al. [47] focused on scientific or statistical charts but are limited
in the range of tasks they cover. Therefore, a systematic and comprehensive literature review on
the mining and applying tables and figures in academic papers is still lacking. Prior research has
primarily focused on individual subtasks while disregarding the interconnection of various sub-
tasks and applications. Furthermore, the absence of an explicit framework inhibits future research
in this area. With the growing interest and work on this topic, it is time for a paper of our kind to:

— define the research framework for understanding figure and table tasks and sort out bench-
mark datasets built from scientific documents, as well as identify the main evaluation met-
rics;

— depict the history of research methodologies over time and summarize the performance of
competitive models on benchmark datasets to compare the advantages and disadvantages
of different methods;

— outline the application of scientific tables and figures in various downstream tasks; and

— identify key challenges to motivate and orient interests in this area effectively.

ACM Comput. Surv., Vol. 56, No. 10, Article 261. Publication date: June 2024.
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The survey is outlined as follows: in Section 2, we establish the research framework for un-
derstanding tables and figures, dividing it into detection, structure analysis, and interpretation
subtasks. Subsequently, Sections 3-5 provide a summary of research on these three subtasks, re-
spectively. Finally, some applications and potential future directions are discussed in Sections 6
and 7.

2 RESEARCH FRAMEWORK FOR UNDERSTANDING TABLE AND FIGURE TASKS

In the following section, we formally present the definitions of “table” and “figure” and establish
a framework for understanding tables and figures.
In this paper, tables and figures are defined as follows:

— Table: A table is a structured display of data organized in rows and columns, facilitating
the systematic presentation, comparison, and analysis of information. Each row signifies a
record, while each column represents an attribute.

— Figure: A figure encompasses diverse visual elements, serving as a visual representation of
data. Prior research may focus solely on a specific type of figure. Here, we categorize figures
into three distinct types:

— Chart: Charts visually represent quantitative data using axes, labels, and data points to
illustrate trends, comparisons, or relationships, such as bar charts, line charts, or pie charts.

— Diagram: Diagrams employ shapes and lines to illustrate relationships, concepts, or pro-
cesses, such as flowcharts and Venn diagrams.

— Image: Images represent real-world scenes or objects through pixel-based representations,
including photographs, satellite imagery, and microscopic imagery.

Inspired by Hurst [70], a pipeline of understanding tables and figures in document images can
be divided into three main subtasks, as shown in Figure 3.

— Detection: detecting tables and figures and returning their coordinates in documents.

— Structure analysis: for tables, this task includes identifying the rows, columns, blocks,
cells, and data in the table. In addition, the metadata, including notes and titles, are crucial
components that interest many researchers. For figures, this task mainly aims at extracting
and classifying figure elements such as X-axis, Y-axis, data values, legend, and so on.

— Interpretation: extracting the meaningful and unambiguously information; in other
words, understanding the semantics of the tables and figures.

The initial step involves utilizing document images as inputs to identify tables and figures during
the detection phase, yielding their respective categories and location coordinates. Subsequently,
the structural analysis phase is employed to acquire components of the figures or tables, such as
cells and rows of tables. In the interpretation phase, the primary objective is to extract meaningful
information and comprehend the semantics of figures and tables. Upon completion of these pro-
cesses, fine-grained mining results for academic tables and figures are obtained. These results can
be utilized for various downstream applications, including knowledgebase construction, summary
generation, and beyond. In the following sections, we will systematically survey the three steps
and the applications of scientific tables and figures, respectively.

3 TABLE AND FIGURE DETECTION

Table and figure detection provides a basis for analyzing the structure and extracting semantics
from table and figure contents. Next, we summarize the benchmark datasets, popular techniques,
and their performances, respectively.

ACM Comput. Surv., Vol. 56, No. 10, Article 261. Publication date: June 2024.
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Fig. 3. Pipeline of understanding tables and figures.
Table 2. Available Datasets for Scientific Table and Figure Detection
Size
Type Dataset Source Format Figure Table Year Link
GROTOAP2 [172] PubMed PDF, XML 42,777 505,958 2014 Link
CS-150 [31] CS conferences PDF,JSON 458 191 2015 Link
CS-Large [30] Semantic Scholar PDF, JSON 957 300 2016 Link
DeepFigures [162] PubMed LaTeX, XML 4,095,622 1,431,820 2018 Link
Article Regions [166] PubMed PDF,XML 299 148 2019 Link
both  pypLayNet [202] PubMed PNG, JSON 126,938 113,128 2019 Link
DocBank [98] arXiv LaTeX, PNG 113,270 24,517 2020 Link
IIT-AR-13K* [130] Business documents PNG,XML 2,948 15,981 2020 Link
ScanBank [78] MIT repository PNG, JSON 3,375 in total 2021 Link
ACL-FIG [80] ACL repository PNG, JSON 112,052 151,900 2023 Link
UW3* [141] Books PNG,XML - 147 1996 Link
Marmot”* Citeseer PDF - 958 2012 Link
TableBank™ [96] arXiv LaTeX, PNG - 253,817 2019 Link
table SciTSR [26] arXiv LaTeX, JSON - 1,500 2019 Link
ICDAR2019* [50] Websites PNG, XML - 2,371 2019 Link
TNCR* [1] Websites JPG, XML - 9,428 2021 Link
PubTables-1M [165] PubMed PNG, JSON - 947,642 2021 Link
FintabNet [199] Business documents PDF,JSON - 112,887 2021 Link
TabRecSet [183] Wild scenarios JPG, JSON - 38,177 2023 Link
figure VisImages [39] IEEE InfoVis and VAST PNG, JSON, CSV 12,267 - 2022 Link

* represents that the dataset includes not only scientific papers but also various domain documents, such as financial
records. * indicates that the dataset is not built on academic papers.

3.1 Datasets

High-quality, large-scale datasets are the basis for training a deep learning model. This section
introduces publicly available and well-known datasets for figure and table detection. While some
of these datasets may not derive from scientific documents, the models trained on them exhibit
potential transferability to scientific tables and figures. Consequently, these datasets are included

ACM Comput. Surv., Vol. 56, No. 10, Article 261. Publication date: June 2024.
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in our survey. Table 2 displays an overview of available datasets for table and figure detection.
Considering space limitations, we only introduce popular datasets built upon academic literature
in detail.

DeepFigures. DeepFigures [162] is derived from the arXiv® and PubMed® datasets and is com-
posed of 1,400k papers on various subjects. The authors introduce a distantly supervised method
to induce high-quality labels for figures and tables. This dataset contains 5.5 million induced labels
with a precision of 96.8% on average.

PubLayNet. PubLayNet [202] is designed for the document layout analysis task and built from
the PubMed dataset. The annotations for tables and figures are generated by matching the PDF
and XML formats of papers. This large dataset contains over 1 million PDF articles and 360,000
document images, with 126,938 figures and 113,128 tables in total.

DocBank. DocBank [98] is a document layout analysis benchmark, consisting of 500K docu-
ment pages with 12 types of semantic units, such as table, figure, and so on. According to the
authors, DocBank is a natural extension of the TableBank dataset and is fully annotated at the
token level.

ACL-FIG. Karishma et al. [80] downloaded 55,760 articles from the ACL Anthology repository
and developed a pipeline to extract and classify the figures of these papers. They published two
datasets; namely, ACL-FIG and ACL-FIG-PILOT. The former includes 112,052 figures and 151,900
tables, while the latter consists of 1,671 figures annotated across 19 distinct figure types, including
bar charts, pie charts, and others.

TableBank. TableBank [97] is an image-based table detection and recognition dataset contain-
ing 417K high-quality annotated tables. The documents within TableBank are sourced from the
arXiv dataset and are all in English. TableBank could be utilized for both table detection and table
structure recognition tasks.

SciTSR. The SciTSR dataset, constructed by Chi et al. [26], contains 15,000 tables from scientific
articles and their corresponding high-quality structure labels derived from LaTeX source files. This
dataset has many complex tables, with an average of 48 cells, 9 rows, and 5 columns per table. To
evaluate the model performance in recognizing complex tables, the authors constructed a test
subset named SciTSR-COMP, including 716 complex tables extracted from the test set.

PubTables-1M. PubTables-1M [165] is a large, detailed, high-quality dataset for training and
evaluating models for table detection, table structure recognition, and functional analysis. It pro-
vides nearly one million tables from scientific articles in the PubMed database. PubTables-1M con-
tains rich annotation information, including annotations for projected row headers and bounding
boxes for all rows, columns, and cells, even blank cells.

3.2 Methods

Based on the model architecture, we categorize previous work into heuristic-based, CNN-based,
Transformer-based, and GNN-based. Figure 4 depicts the history and evolution of table and figure
detection research. Before 2015, nearly all existing methods were heuristic-based; since 2015, most
studies in this area have focused on deep learning techniques. Next, we will outline the different
models for the scientific table and figure detection task.

3.2.1 Heuristic-based models.
Previous studies heavily rely on heuristic algorithms and probabilistic models, which are difficult
to transfer to academic papers in different disciplines and layouts. Lopez et al. [112] proposed

Shttps://arxiv.org/
®https://pubmed.ncbi.nlm.nih.gov/
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Fig. 4. The history and evolution of table and figure detection techniques.

an automatic system for extracting figures from the biomedical literature. This system exploits
PDF stream content and designs several rules to recognize figures. Researchers in the fields of
chemistry [27], high energy physics [59], and computer science [31] also investigated heuristic
methods. Below we summarize the advantages and disadvantages of heuristic-based models.

— Advantages
— Heuristic-based models usually perform well on lined tables and regular layouts, with
relatively high precision.
— They are less demanding on computing resources and annotated data.
— Disadvantages
— Most of them rely on PDF stream content to detect tables and texts; therefore, they cannot
handle scanned images.
— Heuristic-based systems are generally complex and comprised of hand-crafted rules,
which makes them less generalizable and lacking in robustness.
— Heuristic-based methods usually suffer from low recall.

3.22 CNN-Based Models. The superior performance of Convolutional Neural Networks
(CNN) in computer vision has prompted researchers to investigate CNN for the table and fig-
ure detection task. Object detection and instance segmentation are two branches of this type of
research. Object detection has been an active research area in recent years, and its original goal is
detecting target objects in natural scene images, which presents notable differences with detect-
ing objects in document images. Document objects, such as tables and figures, typically exhibit a
square shape, facilitating their easy distinction from the background. In contrast, natural objects
are diverse and may share similar colors with the background. Moreover, the factors influencing
detection performance vary between these two tasks. In the context of table and figure detection,
the diverse document layouts and object formats play pivotal roles, while natural object detection
may be affected by factors like blurriness and illumination. Another noteworthy distinction lies in
the precision required for bounding boxes. In table and figure detection tasks, precise bounding

ACM Comput. Surv., Vol. 56, No. 10, Article 261. Publication date: June 2024.
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boxes are crucial due to the potential lack of titles or legends hindering comprehension. However,
missing small parts of natural objects is less likely to impede understanding.

With the development of backbones and networks for object detection and instance segmen-
tation, such as VGG [163], ResNet [59], Faster R-CNN [150], Mask R-CNN [58], and U-Net [152],
table and figure detection has achieved state-of-the-art results. Researchers have explored vari-
ous methods to apply object detection models to the document analysis domain. Gilani et al. [52]
fine-tuned the Faster R-CNN model for table detection. To align document images more closely
with natural images, the authors employed a pre-processing step, which involves computing three
distance metrics between text regions and white spaces, and setting them as the values of RGB
channels. In contrast, DeepDeSRT [156] is an end-to-end model without any preprocessing tech-
nique but it fails to detect complicated tables. Huang et al. [69] proposed an anchor optimization
technique to make anchors used in the YOLOv3 model more suitable for tables rather than natural
objects. Chowdhury et al. [29] pretrained an image classifier on document layout datasets as the
backbone in the Faster R-CNN model, rather than directly using a backbone trained on natural
image datasets, such as ResNet.

Researchers have further explored building more robust models that effectively handle complex
tables and diverse layouts. In [2, 135, 160], deformable convolution was widely used to improve the
model’s ability to handle tables with different layouts. DeCNT [160] replaced the traditional con-
volution with deformable convolution in the Faster R-CNN model and found that it could adapt to
tables of different layouts well. In addition, Agarwal et al. [2] considered that existing models are
trained on a fixed IoU threshold, which leads to a noisy detection at higher IoU thresholds. They ad-
dressed this issue by proposing the cDeC-Net network, which contains a series of detectors trained
with increasing IoU thresholds. Compared with models trained on a single IoU threshold, cDeC-Net
[2] achieves high accuracy and tighter bounding box detection at a higher IoU threshold. Although
these methods achieve better results, they are more computationally expensive. To solve this prob-
lem, Hashmi et al. [57] presented CasTabDetectoRS, which employs a relatively lightweight back-
bone with Switchable Atrous Convolution (SAC) to achieve comparable performance.

Liu et al. [110] initially adopted an instance segmentation model for figure detection, yielding
competitive results. Their proposed model, based on BlendMask, integrates horizontal and vertical
attention modules to enhance adaptability to document images. Kavasidis et al. [82] proposed a
saliency-based CNN model designed for figure and table detection. The authors formulated the
detection problem as a semantic image segmentation problem, predicting each pixel’s likelihood
of being a graphical object. Yu et al. [190] utilized a cascade semantic segmentation model and de-
signed a novel loss function aimed at improving the weighting of boundary parts. This adjustment
allows the model to predict complete figures without losing information near the boundary.

The advantages and disadvantages of CNN-based models are:

— Advantages
— CNN-based models are the most widely used framework for table and figure detection
tasks, reporting superior results in all well-known benchmark datasets.
— In contrast to heuristic-based models, the majority of CNN-based models use document
images as input, which is more in line with practical needs.
— Many techniques are designed to improve the robustness and generalization capability of
the model.
— Disadvantages
— Compared with natural objects, tables exhibit diverse sizes and layouts, with some extreme
cases including short and wide, long and narrow tables. Designing appropriate scales and
ratios for region proposals in the object detection process becomes challenging due to this
variability.

ACM Comput. Surv., Vol. 56, No. 10, Article 261. Publication date: June 2024.
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— These models rely on large-scale labeled datasets and are more computationally intensive.
However, there have been relatively few studies that consider inference efficiency.

3.2.3 Transformer-Based Models. Originally crafted for NLP tasks, the Transformer is a model
architecture that discards recurrent units and relies entirely on an attention mechanism to draw
global dependencies between input and output. In contrast to CNN-based models, the Transformer
architecture excels in capturing global features while conserving computing resources. Drawing
inspiration from the Transformer, researchers proposed Detection Transformer (DETR) [18]
for object detection. Smock et al. [165] first applied the DETR model to table detection, table struc-
ture recognition, and function analysis, and reported promising results. Biswas et al. [15] built a
document image segmentation Transformer (DocSegTr) to analyze complicated document
layouts from an instance segmentation perspective. DocSegTr is more computationally efficient
in inference than the state-of-the-art models based on Mask-RCNN. Researchers have tried to pre-
train the Transformer model on a large amount of unlabeled image data. Li et al. [95] proposed
DiT, a self-supervised pre-trained document image transformer model for general document Al
tasks. In the DiT framework, images are randomly masked and split into 16x16 patches, and the
learning objective is to recover corrupted image patches. Huang et al. [68] introduced LayoutLMv3
to pre-train multimodal Transformers for document Al with unified text and image masking. They
presented a Word-Patch Alignment (WPA) objective to learn cross-modal alignment effectively.

The advantages and disadvantages of Transformer-based models are:

— Advantages
— Pre-trained general document AI models exploit large-scale unlabeled data and thus may
have greater generalization capabilities. In addition, information from other page objects
(e.g., equations) may help the model distinguish between tables and other unrelated ob-
jects.
— Transformer architecture performs better at capturing global features, which is crucial for
tables with multi-rows or multi-columns.
— Disadvantages
— In contrast to CNN-based models, the Transformer has deficiencies in capturing local in-
formation.

3.24 GNN-Based Models. The inherent structural nature of a table makes it well-suited for rep-
resentation as a graph. Consequently, researchers explore constructing graph neural networks
(GNN) that explicitly model tabular structure.

Riba et al. [151] developed a GNN model that formulates document entities as nodes and detects
tables by classifying these nodes. In their method, cells are defined as nodes and edges are con-
structed when a horizontal or vertical line connects cells’ bounding boxes. Additionally, Gemelli
et al. [51] enriched node and edge representations by adopting static NLP-based embeddings (SciB-
ert [11] and Spacy). Compared with Riba et al. [151], who exclusively utilized the box lines of the
table, Gemelli et al. [51] further calculated the distance between cells to derive edge features. It
is worth noting that, due to the reliance on lines, these methods face challenges when applied to
unlined tabular layouts.

Zhang et al. [196] proposed VSR, which considers the document graph as a fully connected
graph and employs self-attention to automatically learn the edges instead of explicitly defining
the nodes’ relations. This idea addresses the issue of detecting tables without lines. Additionally,
several GNN-based models have solved both table detection and table structure analysis tasks
[51, 146, 151], and we will discuss them in Section 4.1.

The advantages and disadvantages of GNN-based models are:
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— Advantages
— The presentation of the table suggests that it is well-suited for modeling with a graph, as
it inherently incorporates and leverages structured information from the table.
— Disadvantages
— Node and edge definitions are critical to the performance of graph models, and designing
these features is difficult.

3.3 Evaluation Metrics

It is necessary to discuss the evaluation metrics before looking into the performance of current
research.
(1) IoU
Intersection Over Union (IoU) [138] is commonly used in the object detection task. It
quantifies how much the predicted region overlaps with the actual ground truth region.
Given the IoU threshold, a sample is positive if its IoU value is greater than the threshold;
otherwise, it is negative. This is how it is defined:

Area of Overlap Region
IoU =

(1)

Area of Union Region

Although IoU is widely adopted in natural object detection, it has certain limitations in doc-
ument object detection. Yu et al. [190] recognized a gap between high IoU and detection
entirety in the scientific figure and table detection task. For instance, a low IoU result, which
includes more blank backgrounds but retains the entirety of the figure, is preferable to a high
IoU detection result that loses critical boundary information, such as an axis label.
(2) Recall

Recall [138] is the percentage of correct positive predictions among all given ground truths.
TP represents a correct detection of a ground-truth bounding box; while FN denotes an
undetected ground-truth bounding box.

TP

Recall = —————
TP+ FN

@)
(3) Precision
Precision [138] is the percentage of correct positive predictions. The formula is as follows.
FP represents an incorrect detection of a nonexistent object or a misplaced detection of an
existing object.
. TP
Precision = —— (3)
TP + FP
(4) F-Measure
F-Measure [56] is calculated by taking the harmonic mean of Precision and Recall. The for-
mula for F-Measure is:

2 X Recall X Precision
F-Measure = — (4)
Recall + Precision

(5) AP
AP [138] is defined as the average detection precision under different recalls. This involves
computing the average of precision values derived from the Precision-Recall curve. There are
typically two methods to calculate AP: the 11-point interpolation and all-point interpolation.
The 11-point interpolation was first adopted by the Pascal VOC 2008 challenge. Precision
values, denoted as pinserp(R) for recall values distributed at 10 equal intervals ranging from
0 to 1, are averaged to yield the final APy;. It is important to note that p;,serp(R) does not
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use the precision at Recall = R on the curve but rather represents the maximum precision
when the recall value exceeds R.

APy = l Z Pinterp(R) (5)

11 0,0.1,..,1

The 11-point interpolation has limitations due to precision loss with only 11 sampling points.
To address this, the all-point interpolation method was proposed in the Pascal VOC 2010 chal-
lenge. This method involves generating a smoothed Precision-Recall curve and calculating
the area under the curve through integral operation to calculate AP.

AP:A pinterp(r)dr (6)

(6) mAP
The mean AP (mAP) [138] is a metric used to measure the accuracy of object detectors over
all classes. The mAP is simply the average AP over all classes and the formula for that is:

N
1
mAP = — ZAPi (7)
N i=1

where APi is the AP in the ith class and N is the number of classes.

(7) AR
The COCO dataset’ defined AR as the maximum recall given a fixed number of detections
per image, averaged over categories and IoUs. In this benchmark, there is no distinction
between AR and mAR (and likewise AP and mAP).

AP and mAP are originally introduced in the VOC 2007 challenge,® and after that, the object
detecting task typically employs 0.5-IoU-based mAP as an evaluation metric. MS-COCO proposed a
new AP calculating method in 2014. Instead of using a fixed IoU threshold, MS-COCO AP averages
multiple IoU thresholds ranging from 0.5 to 0.95. This shift in metric directs the model’s attention
to the accuracy of the bounding box region, which can be significant in some scenarios. More AP
variants were summarized in Padilla et al. [138]. There are other metrics proposed by researchers,
such as Localization Recall Precision (LRP) [137], but the dominant metrics are still loU-based.

3.4 Performance

In this section, we summarize the performances of competitive models on popular benchmark
datasets. Table 3 shows the results of different models on table detection datasets. Some researchers
do not specify the IoU threshold they set, but they compare their results with others in which the
IoU metrics are given. Hence, we can infer that they used the same IoU threshold.

On the Marmot dataset, CDeC-Net [2] achieves the highest Precision of 0.975, while Ajij et al.
[4] reported the highest Recall and F1 score of 0.984 and 0.972, respectively, at an IoU setting of 0.5.
CasTabDetectoRS [57] wins first place at the IoU setting of 0.9 and second place at the IoU setting
of 0.5, with F1 scores of 0.904 and 0.958, respectively.

On the TableBank (LaTeX) dataset, both CasTabDetectoRS [57] and Phan et al. [140] achieved
the highest Recall score 0f 0.984 at an IoU threshold of 0.5, while CDeC-Net [2] did best on Precision
and F1 score. When the IoU threshold is set as 0.9, CasTabDetectoRS [57] has a slight advantage
over HybridTabNet [135] with a 0.001 higher F1 score.

"https://cocodataset.org/
8http://host.robots.ox.ac.uk/pascal/VOC/voc2007/index.html
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Table 3. Competitive Models’ Performances on Table Detection Datasets

Score
Dataset Method IoU "Recall Precision  F1
DeCNT™ [160] 0.5 0.946 0.849 0.895
CDeC-Net* [2] 0.5 0.93 0.975 0.952
HybridTabNet* [135] 0.5 0.961 0.962 0.956
Marmot CasTabDetectoRS*[57] 0.5 0.965 0.952 0.958
Ajij et al.* [4] 0.5 0.984 0.96 0.972
CDeC-Net* [2] 0.9 0.765 0.774 0.769

HybridTabNet* [135] 0.9 0.903 0.900 0.901
CasTabDetectoRS*[57] 0.9 0.901 0.906 0.904

U-SSD* [91] 0.5 - - 0.93
Ajij et al.* [4] 05 0948 0981  0.965
CascadeTabNet" [143] 0.5 0.972 0.959 0.966
Li et al.* [97] 0.5 0962 0872 0915
HybridTabNet* [135] 0.5 - - 0.980
TableBank(LaTeX) ) TapDetectoRS [57] 0.5 0.984 0983  0.984
Phan et al.* [140] 05 0.984 0985  0.984
CDeC-Net* [2] 05 0979  0.995  0.987
HybridTabNet* [135] 0.9 - - 0.934

CasTabDetectoRS*[57] 0.9 0.935 0.935 0.935
HybridTabNet*[135] 0.6 0.997 0.882 0.936

CDeC-Net" [2] 0.6 0931 0.977 0.954
CasTabDetectoRS*[57] 0.6 0.941 0.972 0.956
DeCNT* [160] 0.6 0971 0965  0.968
GOD* [153] 06 - - 0.989
Huang Y et al.” [69] 0.6 0972 0.978 0.975
ICDAR17-POD
HybridTabNet*[135] 0.8 0.994 0.879 0.933
CDeC-Net* [2] 0.8 0.924 0.970 0.947
CasTabDetectoRS=[57] 0.8 0.932 0.962 0.947
DeCNT" [160] 0.8 0.952 0.946 0.949
GOD* [153] 08 - - 0.971
Huang Y et al.” [69] 0.8 0.968 0.975 0.971

* denotes CNN-based models while * represents hybrid models.

On the ICDAR17-POD dataset, the models rank almost equally for different IoU thresholds. Hy-
bridTabNet [135] reports the highest Recall at both IoU of 0.6 and 0.8, with 0.997 and 0.994, respec-
tively. Huang et al. [69] ranked first in Precision and F1 score.

From the perspective of the model, the result indicates that the CNN architecture is most com-
monly used and highly competitive. However, the performance of the same model on different
datasets varies widely, and no model can achieve SOTA results on all datasets. Additionally, some
models struggle to maintain a balance between Precision and Recall, such as CDeC-Net [2], which
on all three datasets reports nearly the highest precision but relatively low recall.

From the perspective of the IoU thresholds, we observe that some models’ performances drop
drastically at the high IoU threshold. Taking the CDeC-Net [2] model as an example, when the [oU
is 0.9, its recall score on the Marmot dataset is 18.1% lower than when the IoU is 0.5. Hashmi et al.
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Fig. 5. The F1 score of CasTabDetectoRS [57] over the varying loU thresholds ranging from 0.5 to 1.0 on the
ICDAR17-POD table detection dataset.

Table 4. Competitive Models’ Performances on Document Layout
Analysis Datasets

mAP@I0U[0.50:0.95]

Dataset ~ Method Table Figure Overall
DocSegTr [68] 0.966 0.975  0.894
PubLayNet  pjT [95] 0.978 0.972  0.949

LayoutLMv3x [68] 0.979 0970  0.951

[57] visualized the F1 score of CasTabDetectoRS over the varying IoU thresholds ranging from
0.5 to 1.0 on the ICDAR17-POD dataset, as Figure 5 shows. Figure 5 indicates that when the IoU
exceeds 0.9, the F1 score declines sharply. Moreover, we discover that the rankings of the models
do not change under different IoU thresholds in each dataset.

Table 4 displays three document layout models’ performances on the PubLayNet dataset, which
are all Transformer-based. The PubLayNet dataset classifies page objects into five categories, and
we focus on the table and figure results in this study. As can be seen from the table, the results of
DiT [95], and LayoutLMv3 [68] are very close. The lower overall score of DocSegTr [15] is due to
its lower accuracy in predicting titles and texts.

3.5 Observations

The table and figure detection task serves as the foundation for subsequent analysis and down-
stream tasks, and the detection quality significantly influences follow-up research. Despite the
excellent performances of current research, there are still some areas for improvement.

— Available datasets are mainly in English, and research on detecting scientific tables/figures
in other languages is scarce. Nevertheless, the papers’ disciplines are primarily computer
science and biomedical, and an accurately annotated dataset that spans multiple disciplines
and languages is still lacking.

— Most detection models only use document images as input, limiting their ability to fully
leverage the valuable information embedded within PDF stream content. Consequently, it
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Table 5. Available Datasets for Scientific Table Structure Analysis

Dataset Source Format Tables Year CT CC CL Link
UW3 [141] Books PNG, XML 147 199 / x / Link
TableBank [96] arXiv LaTeX, PNG 145k 2019 / x X Link
SciTSR [26] arXiv PNG,JSON 15k 2019 v / x Link
TABLE2LATEX-450KA [41] arXiv PNG,JSON 450k 2019 / / x Link
TabStructDBA [159] CiteSeer XML, PNG 1k 2019 x x x Link
ICDAR2019 [50] Websites XML, PNG 23k 2019 X v/ Link
DECO [84] Enron corpus Excel 84 2019 v / / Link
PubTabNet [201] PubMed PNG,JSON 568k 2020 / / /= Link
TabLeX [42] arXiv LaTeX,PNG 4M 2021 / / x Link
PubTables-1M [165] PubMed PNG,JSON 1M 2021 / / / Link
FinTabNet [199] Company reports PDF,JSON 110k 2021 / / / Link
WTW [111] Multiple wild scenarios  JPG, XML 16k 2021 / x / Link
WikiTableSet [118] Wikipedia PNG,JSON 523M 2023 / / / Link
TabRecSet [183] Multiple wild scenarios  JPG,JSON  38.1K 2023  / / Link

CT denotes cell topology, CC is cell content whereas CL is cell location, and * represents datasets that cell bounding
boxes are only provided for non-blank cells. Unaccessible datasets are denoted with A.

is crucial to develop a model that can exploit information from PDF stream content and
function optimally when document images are the only available input.

— Existing studies still struggle with dense tables and atypical table layouts, such as tables with
only a few rows. Also, content that resembles a table, such as a graph with grids, aligned
formulas, directories, and so on, may be misjudged as a table.

— Current research regarding model robustness, generalization, complexity, and inference ef-
ficiency in the context of table and figure detection tasks still has significant room for ad-
vancement.

— The entirety and completeness of scientific table and figure detection are fundamental to
downstream tasks, yet there are few relevant evaluating research studies or techniques.

4 STRUCTURE ANALYSIS FOR TABLES AND FIGURES

This section presents research on structure analysis of scientific tables and figures. While the pri-
mary goal of the table structure analysis is to identify the roles and relations of cells, the figure
structure analysis focuses on extracting figure components and the relations between them. Due
to the distinct components of tables and figures, the associated tasks exhibit notable differences.
Therefore, this section separately presents the datasets, evaluation metrics, and research progress
for these two problems.

4.1 Table Structure Analysis

According to Hashmi et al. [56], there are two tasks related to table structure analysis: table struc-
ture recognition and table recognition. The former identifies the table structure solely, while the
latter extracts the table content. Given the considerable similarity between these two tasks, we
categorize related studies based on the research method rather than the specific task. Next, we
will introduce the datasets, evaluation metrics, and performances, respectively.

4.1.1 Datasets. Table 5 summarizes datasets commonly employed in table structure analysis. In
addition to datasets derived from the academic literature, we incorporate datasets obtained from
diverse real-world scenarios to provide readers with a comprehensive summary. Subsequently,
detailed information regarding datasets built upon academic literature is presented, excluding
TableBank [96], SciTSR [26], and PubTables-1M [165], which are introduced in Section 3.1.
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Fig. 6. Three types of existing methods for table structure recognition.

PubTabNet. PubTabNet [201] is a publicly available table recognition dataset with 568k table
images and structured HTML representations. It is generated automatically by comparing XML
and PDF representations of scientific articles from the PubMed dataset. The authors created a
balanced test set by randomly choosing 5,000 tables with spanning cells and the same amount of
tables without spanning cells. PubTabNet is employed as the competition dataset of the ICDAR
2021 Scientific Literature Analysis Competition Task B - Table Recognition [83].

TabLeX. To our knowledge, TabLeX is the largest dataset derived from scientific papers for
the table recognition task. It comprises table images and corresponding LaTeX sources from arXiv
papers and is divided into two subsets for table structure extraction and table content extraction,
respectively. Notably, the authors augment the LaTeX codes with 12 distinct font styles and sub-
sequently render them into table images with ratio variations. Distinguishing itself from other
datasets that predominantly focus on biomedical and computer science papers, TabLeX incorpo-
rates a substantial number of papers on physics and mathematics.

4.1.2  Methods. Initially, research on table structure analysis relies on heuristic rules. For in-
stance, Namyst et al. [133] introduced the heuristic-based method and design rules for fully bor-
dered tables and for partially bordered or borderless tables, respectively. In recent years, deep
learning models have become the most popular methods for table recognition, categorized into
three main types: top-down models, bottom-up models, and sequence-based models, as illustrated in
Figure 6. Top-down methods typically predict table splitting lines first and then merge over-split
cells. On the other hand, bottom-up methods detect cells first and subsequently predict cell rela-
tions. These two methods can be considered two-stage frameworks, while sequence-based methods
are end-to-end, directly outputting HTML or LaTeX codes to represent table structure. We present
the distribution of these techniques from 2017 to 2023 in Figure 7.

Top-down models. The core idea of top-down models is to divide the table image into row and col-
umn grids using detection or segmentation models and then locate cells by intersecting rows and
columns. DeepDeSRT [156] was the initial approach that employs a semantic segmentation model
for table structure recognition. However, DeepDeSRT encounters challenges when confronted
with tables containing multi-rows or multi-columns, as it primarily relies on local information.
Similarly, DeepTabStR [159] also faces limitations as it is unable to recognize cells that span across
rows or columns.

SPLERGE [170] addresses this issue by proposing two models: the Split model and the Merge
model. The Split model predicts row and column separators, and the Merge model extracts cells by
row and column intersection and predicts which cells should be merged to reconstruct multi-rows
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Fig. 7. The distribution of table structure analysis methods from 2017 to 2023.

or multi-columns. The limitation is that the two models are trained separately, which may make
optimization more complex than end-to-end training.

In contrast to SPLERGE, SEM (Split, Embed, and Merge) proposed by Zhang et al. [198] con-
siders the text information of cells, thus achieving higher accuracy. The Embedder extracts the
grid-level visual and textual features from BERT and RolAlign and fuses them for the Merger. The
Merger is a GRU decoder that predicts the grid-merged results step-by-step based on the fused
features provided by the Embedder. A notable limitation of SPLERGE is that the two models un-
dergo separate training, potentially introducing complexity to the optimization process compared
to end-to-end training.

TRUST adopts an end-to-end Transformer-based framework, including a CNN backbone as
the visual feature encoder, a Query-Based Splitting Module for row and column splitting lines
generation, and a Vertex-based Merging Module for cell relation prediction. It demonstrates out-
standing results on various complex tables, including rotating and unlined tables, and those with
spanning or empty cells. Similarly, RobusTabNet [120] reported promising results on recognizing
tables with large empty cells and distorted regions. This is due to the novel spatial CNN-based
separation line prediction module, which effectively propagates contextual information across
the whole table image.

Unlike the mentioned methods that first predict table splitting lines and then merge over-split
cells, GridFormer [119] directly explores predicting vertices and edges, demonstrating satisfactory
results on complicated tables.

Top-down models share both common advantages and disadvantages, including:

— Advantages
— Top-down methods have good generalization because they aim at predicting the basic
table grid pattern, which is similar across different kinds of tables.
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— By intersecting row and column separators, top-down methods generate more accurate

cell bounding boxes.
— Disadvantages

— Top-down methods assume axis-aligned tables, so they may fail when processing distorted
or rotating tables. However, this rarely occurs in academic paper data unless it is a photo
of the paper or a scanned image.

— Top-down models usually predict table grids first and then merge some cells that belong
to the same spanning cell. However, this two-stage strategy may lead to error propagation,
where incorrect predictions in the table grid may result in entirely inaccurate outcomes.

Bottom-up models. Bottom-up models consider texts or cells as table elements and leverage
GNNs or LSTM networks to learn cell relations. Relevant studies can further be categorized ac-
cording to table elements into text-based and cell-based. Text-based methods detect text bounding
boxes and treat texts as nodes of a table graph. The acquisition of table content mainly depends
on PDF stream content and OCR results, which may introduce errors and ignore empty cells. On
the other hand, cell-based methods focus on detecting cell bounding boxes. Its advantage is that
once accurate cell bounding boxes are obtained, the table structure can be easily inferred due to
the alignment properties of cells. Next, we provide an overview of each of these two categories.

Several research studies regard text blocks as nodes and construct table graphs. Qasim et al. [146]
first applied GNN to table structure recognition. They extracted cell contents by employing OCR
techniques and treated every content as a node within the table graph. A limitation of this work is
that it cannot recognize any spanning cells. On the other hand, GraphTSR [26] can recognize span-
ning cells; however, it exclusively detects K-nearest neighbors when predicting cell relationships,
which may not comprehensively represent the entire table structure. Additionally, GraphTSR re-
quires cell content coordinates as input during both training and inference. In contrast, Liu et al.
[105] proposed an end-to-end FLAG-Net without the need for OCR techniques and extra metadata.
More specifically, FLAG-NET employs an object detection model to detect text blocks as table ele-
ments, which are then fed into novel FLexible context AGgregator (FLAG) modules to predict
relationships from the cell, row, and column perspectives. NCGM [103] detects text segments as ta-
ble elements and further leverages multi-modal features from content, appearance, and geometry
perspectives.

Additionally, researchers also investigate considering cells as table elements. GTE-Cell [200]
trains an attribute network to classify the presence of graphical ruling lines in a table and sub-
sequently employs a corresponding cell detection network. Following cell detection, GTE-Cell
merges cells using a specific rule: when the content of a cell begins with a lowercase character, it
is merged with the cell above it, which begins with a capital character. TGRNet [182] adopts an
instance segmentation model to detect cells, and simultaneously predict cell logical relations by
formulating it as a node classification task. Similarly, TabStruct-Net [149] employs Mask R-CNN
to detect cell bounding boxes and learns table structure using graphs. More specifically, it lever-
ages the DGCNN architecture [145] to model the interaction between geometrically neighboring
detected cells. One of the limitations of TabStruct-Net is that it cannot deal with tables containing
a large amount of empty cells. In addition, Qiao et al. [147] developed an approach that can accu-
rately detect cell bounding boxes and capture empty cells. The authors first generated the aligned
bounding box annotations according to the maximum box height/width in each row/column. Then,
they refined the detected aligned bounding boxes using the local branch (LPMA) and the global
branch (GPMA). Through visible texture perceptron, the LPMA learns more reliable text region
information, whereas the GPMA learns the global information of cell range.
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The advantages and disadvantages of bottom-up models are:

— Advantages
— Compared to sequence-based models that utilize markup language to represent table struc-
ture while ignoring cell locations, bottom-up models explicitly detect cell bounding boxes.
This approach is easier for humans to interpret and correct, resulting in better perfor-
mance.
— Disadvantages
— Bottom-up methods always suffer from the “cell boundary ambiguity” problem and may
report poor results on tables containing multiple empty cells.
— GNN is a prevalent architecture in bottom-up models for predicting cell relations. How-
ever, it is inefficient due to the more expensive training cost, e.g., training time and data
volume.

Sequence-based models. Sequence-based models typically take a table image as the input of the
encoder, and the decoder outputs a sequence of markup tags that indicate the table structure.

TableBank [96] provides a baseline model for table structure recognition based on the image-
to-markup model [40]. Additionally, He et al. [60] employed MASTER [114], which consists of
a multi-aspect global context attention-based encoder module and a transformer-based decoder
module to generate LaTeX code for table images. Zhong et al. [201] proposed an encoder-dual
decoder (EDD) architecture that reconstructs whole tables, including table content. In this work,
the structure decoder generates HTML code to reproduce the table structure, whereas the cell
decoder recognizes cell content. Ly et al. [118] employed a similar architecture to EDD, contain-
ing a structure decoder for generating table structure and a cell decoder to predict cell contents.
Moreover, they constructed WikiTableSet, the largest publicly available table recognition dataset
in three languages derived from Wikipedia. This initiative addresses the limitations of existing
datasets, which predominantly focus on English tables. In another work, Ly et al. additionally in-
troduced a local attention mechanism within decoders, which demonstrates effectiveness in big
tables. Instead of decoding text content from images, TableFormer [134] predicts the bounding box
of table cells and extracts content from PDFs. VAST [67] follows a similar structure, leveraging a
coordinate sequence decoder for cell bounding box prediction. Additionally, a visual-alignment
loss is introduced to generate more accurate bounding boxes.

Overall, sequence-based models have both advantages and disadvantages, which can be sum-
marized below:

— Advantages

— The computational cost of sequence prediction is much lower than relation prediction
based on GNN. Sequence-based models demonstrate notable efficiency and fast computa-
tional speed.

— Compared to two-stage models that employ either bottom-up or top-down strategies,
sequenced-based models may exhibit reduced intermediate losses due to their end-to-end
training process.

— Disadvantages

- Sequence-based models usually do not generate explicit cell bounding boxes, which makes
the results less interpretable and makes recovering from recognition errors or resolving
ambiguities in cell recognition difficult.

— This type of model relies heavily on large-scale end-to-end training, and the performance
will degrade sharply in unseen data.

— These methods worked well for simple tables but were not robust enough for dense and
complex tables.
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4.1.3  Evaluation Metrics.

(1) TEDS
Tree edit distance-based similarity (TEDS) [201] regards the table structure as a tree
structure and utilizes the tree distance to compare the similarity of two trees. This is how it
is defined:

EditDist (T, Tj)

TEDS (T, Tp) = 1 — ————2 -0’
max (|Tg|, [Ty |)

(8)
where T denotes the tree, EditDist represents the tree’s editing distance, and T is the number
of nodes in T. TEDS was first proposed along with the PubTabNet [201] dataset.

(2) TEDS-Struct
TEDS-Struct was proposed by Qiao et al. [147] and was modified from TEDS [201]. It ignores
OCR errors and only focuses on table structure. The authors claimed that the performance
difference between TEDS-Struct and TEDS is primarily due to recognition errors and anno-
tation ambiguities.

(3) BLEU
Bilingual Evaluation Understudy (BLEU) [139] is an evaluation metric initially used for
machine translation. The BLEU score is calculated by comparing the predicted text to the
ground truth text. The BLEU measure assigns a number from 0 to 1, with 1 being the best
result for the predicted text. The Table2LaTeX and TableBank datasets leverage the BLEU
metric for evaluation.

(4) Precision, Recall, and F1 score
This metric was first proposed by the ICDAR 2013 table competition [53] and SciTSR employs
it as well. The basic concept is to convert the table into a list of cell adjacencies and then use
accuracy and recall measures to compare the predicted table to the ground true table. These
scores are calculated separately for each table; the final result is macro and micro average
scores.

4.14  Performance. Most studies compare their performance on PubTabNet, TableBank, and
SciTSR, three popular table structure recognition datasets built from scientific documents. We
summarize existing methods’ results on these datasets, as shown in Table 6. As the table shows,
the top two models within each model type exhibit commendable performance. For instance, in top-
down methods, RobustTabNet [120] and TSRFormer [100] achieve the highest scores in the SciTSR-
COMP dataset. Additionally, TSRFormer [100] achieves competitive results in both PubTabNet and
SciTSR, closely approaching the state-of-the-art methods in these two datasets. FLAG-Net [105]
represents the effectiveness of bottom-up models, reporting the highest precision and recall scores
in the SciTSR and SciTSR-COMP datasets, respectively. The majority of sequence-based models are
evaluated in the PubTabNet dataset, where the top two methods proposed by Ly and Takasu [117]
demonstrate superior performance, outperforming other method types. Moreover, NCGM [104]
proposes a novel neural collaborative graph machine, falling outside our predefined categories, and
emerges as the winner in the TableBank and SciTSR benchmarks. Given the limited evaluation of
models across all datasets and the absence of unified evaluation metrics, it is difficult to determine
which type of method is best.

In addition, the IBM company and the IEEE ICDAR 2021 jointly organized the ICDAR 2021
Competition on Scientific Literature Parsing, Task-B, which employed PubTabNet as the compe-
tition dataset and aimed to drive the advances in scientific table recognition. The organizers fur-
ther categorized the overall results (TEDS all) into simple and complex tables, as presented in
Table 7. Notably, all models exhibit three to four percentage points lower scores on complex tables
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Table 6. Competitive Models’ Performances on PubTabNet, TableBank, and SciTSR Datasets

PubTabNet Table Bank SciTSR SciTSR-COMP
Type Method TEDS TEDS-Struct ~ BLEU  Precision Recall F1  Precision Recall F1
DeepDeSRT [156] - - - 0906 0887 089 0811 0813 0812
2 SPLERGE [170] - - - 0922 0915 0918
_§ SEM [198] - - - 0.997 0965 0971 0968 0947 0.957
L TRUST [54] 0.962 - - - - - - - -
£ RobustTabNet [120] - 0.97 - 0994 0991 0993 | 099 0984 0.987
TSRFormer [100] - 0.975 - 0995  0.994 0.994 0991 | 0.987 0.989
T2 [94] - - - 0.993 099 0992 0976 0961 0.969
TabStruct-Net [149] - 0.901 0.916 0927 0913 092 0909 0882 0.895
& GraphTSR - - - 0959 0948 0953  0.964 0945 0.955
'g GTE [200] - 0.93 - - - - - - -
£ TSR-Net [99] - 0.9564 - - - - - - -
A LGPMA [147] 0.946 0.967 - 0982 0993 098 0973 | 0.987 0.98
FLAG-Net [105]  0.951 - 0.939 0.997  0.993 0.995 0984 098 0.985
SLANet [93] 0.9589  0.9701 - - - - - - -
= EDD [201] 0.883 -
2 MERT [175] 0.9234 0.9571 - - - - - - -
$ TableFormer [134]  0.936 0.9675 - - - - - - -
£ VAST [67] 0.9631 0.9723 - - - - - - -
& WSTabNet [118] 09648 0.9774 - - - - - - -
% Ly etal. [117] 0.9677 - - - - - - - -
g NCGM [103] 0.954 - 0.946 0.997  0.996 0.996 - - -
g GridFormer [119]  0.9584 0.97 - 0.9936  0.9904 0.992 - - -

The best model for each type of method is shown in bold font, and colored cells represent the best score for that
dataset.

Table 7. ICDAR 2021 Competition on Scientific Literature Parsing, Task-B Results

Team Name TEDS Simple TEDS Complex TEDS all
Davar-Lab-OCR* 0.9788 0.9478 0.9636
VCGroup* 0.9790 0.9468 0.9632
USTC-NELSLIP(SEM)* 0.9760 0.9489 0.9627
Ly et al.* [117] 0.9777 0.9458 0.9621
YG 0.9738 0.9479 0.9611
WSTabNet* 0.9751 0.9437 0.9597
DBJ 0.9739 0.9387 0.9566
TAL 0.9730 0.9393 0.9565
PaodingAT* 0.9735 0.9379 0.9561
anyone 0.9695 0.9343 0.9523
LTIAYN 0.9718 0.9240 0.9484

*: bottom-up models, *: top-down models, *: sequence-based models.

compared to simple tables, indicating a considerable scope for improvement in the model’s robust-
ness to handle complex table structures.

Inference efficiency has received attention from academics recently. However, there are no uni-
form evaluation metrics. Table 8 shows the inference efficiency experiments conducted by Liu et al.
[105] and Guo et al. [54]. In Table 8, the units are million (M) for #Param, second(s) for GPU time,
and second(s) for CPU time. The execution time is computed on one Nvidia Tesla V100 GPU and a
2.4 GHz Intel Xeon E5 CPU. We observe that TabStruct-Net [149] takes much longer to infer than
FLAG-Net [105] because the former greedily exploits a large number of proposals. In contrast, the
latter introduces a proposal filtering mechanism to avoid this. The reason for the inefficiency of
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Table 8. The Inference Efficiency of Different Models [54, 105]

Method #Param GPU CPU FPS
SPLERGE* [170] 037 095 2425 -
TabStruct-Net [149] 68.63 22.63 76.52 0.77
FLAG-Netx [105] 17 013 237 -
EDDx [201] - - - 1
SEMx [198] - - - 194
TRUST* [54] - - - 10

Table 9. Available Datasets for Scientific Figure Structure Analysis

Figure Annotation

Dataset Source Size Cate. Type Bbox Caption Text CL CR Year Link
FigureSeer [161]  CS Conferences 999 7 X X v v/ 2016 Link
Viziometrics [89] PubMed 2,881,372 5 X Vv X X X 2016 Link
ACA [142] ACL repository 332 5 X X v v/ 2017 Link
ChartSense [74] Google search 5659 10 X X X X X 2017 -

FigureQA [77] Synthetic 100,000 5 X X x v/ 2018 Link
DVOQA [75] Synthetic 300,000 1 X X x v/ 2018 Link
MV Dataset [23] IEEE conferences 360 14 v X X X X 2020 Link
ICDAR2019 [34] Synthetic 202,550 10 X v v v v 2019 Link
ICDAR2019 [34] PubMed 4,242 10 X v v v v/ 2019 Link
PlotQA [126] Synthetic 224,377 3 X X X v/ 2020 Link
LEAF-QA [20] Synthetic 250,000 4 X X v v /2020 -

VIS30K [21] IEEE conferences 30,000 4 X X X X X 2021 Link
VisImages [39] IEEE conferences 12,267 34 v V4 V4 v/ 2022 Link
ChartQA [122] Websites 21,945 3 X v v v/ 2022 Link
MapQA [19] Synthetic 62,367 3 X v v X X 2022 Link
ACL-Fig [80] ACL repository 112,052 19 v Vv Vv X X 2023 Link
GenPlot [8] Synthetic 500,000 5 X v v X X 2023 Link

The “Size” column represents the number of figures in the dataset. In the “Figure Type” column,  denotes chart,  is
diagram and © is image.In the “Annotation” column, bbox is the bounding box of figure in document image, CL
denotes component location while CR is component role.

EDD [201] may be that it uses LSTM, which cannot be computed in parallel as a cell decoder to
generate HTML representations. The time-consuming part of SEM is the embedder, which contains
Region of Interest (Rol) operations and context features extraction via BERT.

4.2 Figure Structure Analysis

In this survey, we categorize figures into three subtypes: charts, diagrams, and images, as outlined
in Section 2. Since figures of different categories can vary widely, there is no unified structure
analysis task similar to tables. Existing research on structure analysis primarily focuses on charts.
For instance, Singh and Shekhar [164] argued that the main distinctions between statistical charts
and natural images lie in the structure and set of chart elements. In this context, chart structure en-
compasses the types, positions, colors, and patterns of chart elements. Mishra et al. [129] extracted
eight kinds of chart elements, including title, X-axis, X-axis values, Y-axis, Y-axis values, legend
title, legend label, and data label. The authors constructed relationship graphs between chart ele-
ments, which could be another representation of chart structure. Additionally, as subfigures can
be considered elements of a compound figure, we also encompass relevant work on subfigure sep-
aration within the scope of figure structure analysis. This subsection provides an overview of the
literature on chart element extraction, subfigure separation, and relevant datasets.
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4.2.1 Datasets. We outline several datasets which can be used for figure structure analysis from
the perspectives of source, format, quantity, category, label type, and so on, as illustrated in Table 9.
Some of these datasets are built from academic papers, while others are from Google or are syn-
thetic statistical charts. Below we present some popular datasets built from scientific documents
in detail.

Viziometrics. Lee et al. [89] collected the article files from the PMC FTP server and extracted
the images into a figure corpus. Approximately 66% of these files have associated figure files. After
some filtering steps, the authors classified 4.8 million images into five categories: equation, dia-
gram, photo, plot, and table. Furthermore, there are multiple compound figures, and the authors
use a customized approach to dismantle these compound figures.

ACA. The ACA dataset was proposed by Poco and Heer [142] and is composed of chart images
extracted from scientific documents. The authors collected papers from the ACL Anthology repos-
itory and extracted figures using the pdffigures tool. This dataset contains 332 images divided into
four categories: area charts, bar charts, line charts, and scatter plots. For each image, the authors
annotated the position and role of the text in the image.

MYV Dataset. MV Dataset [23] contains 360 images of multiple-view visualizations collected
from the IEEE VIS, EuroVis, and PacificVis publications from 2011 to 2019. Annotators labeled
these visualization images with fine-grained annotations of view types and layouts. Images were
drawn from 1,976 publications, including 1,149 from IEEE VIS, 475 from EuroVis, and 352 from
IEEE PacificVis.

ICDAR 2019 CHART-Infographics. The ICDAR 2019 CHART-Infographics [34] was the first
competition on harvesting raw tables from infographics. This competition provided two datasets
constructed from synthetic charts and scientific literature, respectively. The synthetic chart dataset
is curated using data tables obtained from various online sources and encompasses 10 types of
charts. The scientific chart dataset is built from the PubMedCentral Open Access repository and
contains annotations including chart type, orientation, text location and role, axis, and so on.

VIS30K. VIS30k [21] comprises 29,689 images representing 30 years of figures and tables from
each track of the IEEE Visualization conference series (Vis, SciVis, InfoVis, and VAST). Compared
with other datasets, VIS30k contains a large number of diagrams and images. However, it does not
provide fine-grained annotation results for each figure.

VisImages. VisImages [39] contains 12,267 images with 12,057 textual captions extracted from
1,397 VAST and InfoVis papers published between 1996 and 2018. The image components were
divided into 13 categories by the authors, which included area, bar, circle, point, statistics, text,
and so on. VisImages provides component-level information, such as the position and category of
image components.

4.2.2  Chart Elements Extraction. Scientific charts encompass various types, such as bar charts,
pie charts, line charts, and so forth. Several studies focus on element extraction tailored to a specific
chart type. Cliche et al. [32] presented a system for extracting the numerical values of data points
from scatter plots that depend on an OCR technique and regression model. VIEW, proposed by
Gao et al. [49], provides category-specific solutions to extract the underlying data from bar charts,
pie charts, and line graphs, and generates a data table for each chart. Nair et al. [132] explored
extracting data from line plots, first extracting a dense set of points from a line plot, then repre-
senting the entire line plot as a sequence of trends, and finally implementing a Bayesian network
for reasoning about the messages conveyed by the line plots and their trends.

There are a few works developing systems that could extract data across a variety of chart
types. ChartSense [74] employs semi-automatic, interactive extraction algorithms optimized for
each of the ten chart types. Poco and Heer [142] designed a suitable pipeline for different kinds
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of charts. First, the authors used OCR to get texts and their bounding boxes, then built an SVM
classifier to determine the text element role based on their geometric features. The limitation is
that it could not classify the non-text chart elements and relied on postprocessing to improve
performance. REDEC [129] proposed a CNN-LSTM model to extract structural data from different
kinds of charts. To further advance the field of chart recognition and understanding, ICDAR [34]
and ICPR [36, 37] organized several competitions on harvesting raw tables from infographics. In
these competitions, automatic chart recognition is divided into multiple tasks, including text role
classification, plot element detection, and so on, overlapping in scope with the aforementioned
studies.

4.2.3  Subfigure Separation. Scientific articles typically contain compound figures, which con-
sist of several subfigures, researchers have investigated separating them into individual figures.
Cheng et al. [25] utilized a hybrid clustering algorithm and decision tree to segment subfigure im-
age panels automatically. Tsutsui and Crandall [173] trained a CNN model to separate compound
figures in scientific documents using transfer learning and automatic synthesis training exemplars
to overcome the lack of labeled data. Taschwer and Marques [169] proposed a two-stage system
to detect compound figures and separate them. If interested, there are more works on separating
composite graphs of the biomedical literature [88, 92, 158, 169].

4.3 Observation

We discover that the distribution of academic interests between table structure analysis and figure
structure analysis is unbalanced. There are established methodologies, techniques, and datasets for
table structure analysis. However, few research studies and datasets are available for figure struc-
ture analysis. Current figure structure analysis systems often depend on handcraft operation and
complicated preprocessing or postprocessing techniques, which are labor-intensive and only effec-
tive for a specific type of figure or table. Although previous studies have shown promising results
on multiple datasets, there are still some unresolved issues in table structure analysis, including
inconsistency in table size and density, variation in table cell shapes and sizes, tables containing
images or formulas, tables without separation lines, and tables with multiple empty cells or span-
ning cells. The efficiency of the model has also attracted attention. Several studies compare the
inference time of the proposed model with previous studies and introduce some techniques to
improve inference efficiency.

5 FIGURE AND TABLE INTERPRETATION

Interpreting figures and tables involves extracting meaningful information and understanding the
semantics embedded within these visual elements. To achieve this goal, the intuitive way is to
extract information from tables and charts in a structural way. We summarize the related research
as information extraction. Additionally, figures, such as diagrams and images, lack data points as
structured as charts and tables, leading researchers to explore summary generation. Furthermore,
with the rapid development of Large Language Models (LLMs) and Large Visual-Language
Models (LVLMs), an increasing number of researchers are employing them for understanding
figures and tables, and addressing various tasks within a single model. We categorize this kind of
research as visual-language reasoning.

5.1 Information Extraction

5.1.1 Table Information Extraction. There have been several investigations into extracting table
information from PDF files, which is the most common format for scientific papers. In 2005, Yildiz
et al. [187] presented pdf2table, a heuristics-based system that recognizes and decomposes tables
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in PDF files and stores the extracted data in XML format. Milosevic et al. [127] explored extracting
useful information from tables in the biomedical literature by template. More recently, researchers
have increasingly turned to leveraging deep learning techniques for this task and constructing
large datasets for model training. Desai et al. [42] proposed TabLeX, a benchmark for extracting
structure and content information from scientific tables, encompassing the fields of physics, com-
puter science, and mathematics. Several methods discussed in Section 4.1 extract table structure
and table content simultaneously. For instance, EDD [201] takes table images as input and outputs
structural table information in HTML format.

5.1.2  Chart Information Extraction. Charts serve as a visual representation of data tables,
and the extraction of data from charts is crucial for comprehending chart semantics. In 2011,
Mishchenko and Vassilieva [128] introduced an unsupervised model to extract numerical data
from five types of charts and represented them in XML format. Al-Zaidy and Giles [6] leveraged
image processing and text recognition techniques combined with various rules derived from chart
properties to extract data values from bar charts. Chart Decoder [33], utilizing deep learning, com-
puter vision, and text recognition techniques, takes a bar chart image as input and produces textual
and numeric information as output. LineFormer [87] employs an instance segmentation model to
extract data from line charts. In addition, ChartOCR [116] integrates deep learning techniques and
rule-based methods to extract data from various types of charts. With the increasing interest of
the academic community in chart data extraction, a range of related competitions and datasets has
emerged. For instance, ICDAR [34] and ICPR [36, 37] have organized the CHART-Infographics
competition over several years, focusing on harvesting raw tables from infographics. In the IC-
DAR 2023 competition,” CHART-Infographics introduced a new task centered around chart visual
question answering, aiming at deepening the understanding of charts.

5.2 Summary Generation

According to Bhatia and Mitra [12], generating summaries for figures and tables helps users bet-
ter understand retrieval results, hence improving search performances. Consequently, summary
generation stands out as a viable approach for conveying the semantics of figures and tables. Ab-
stractive summarization and extractive summarization represent the primary branches of current
research in this domain.

Abstractive summarization has long been a question of great interest in automatic summariza-
tion. Carberry et al. [17] employed a Bayesian belief network to hypothesize the figure designer’s
intended message. Agarwal and Yu [3] proposed FigSum, which generates a structured text sum-
mary for each figure in an article that includes one sentence from each of the four rhetorical
categories: Introduction, Methods, Results, and Discussion (IMRaD). Saini et al. [154] pro-
posed a novel unsupervised approach (FigSum++) for automatic figure summarization in biomedi-
cal scientific articles using a multi-objective evolutionary algorithm. Zhang et al. [197] built a new
conversation-oriented, open-domain table summarization dataset. They experimented with three
neural natural language generation models (CopyNet, CPT-2, and Text-to-Text Transfer Trans-
former) to generate summaries based on tables. Several researchers investigated how to extract
text associated with figures in a document. Yu [191] assumed that abstract sentences might sum-
marize figures in a full-text article. They invited the corresponding authors of several articles to
identify abstract sentences that summarize the figure content in that article. They utilized the re-
sponses to build a corpus, which they then used to evaluate the NLP methodologies they proposed.
Similarly, [16] was interested in the associations between figures and abstract sentences. They also

https://chartinfo.github.io/index html

ACM Comput. Surv., Vol. 56, No. 10, Article 261. Publication date: June 2024.


https://chartinfo.github.io/index.html

Recent Advances in Understanding Scientific Tables and Figures 261:25

Table 10. Large Vision-Language Models for Figure and Table Understanding

Method Figure/Table Backbone FT VA Task Scope Link
Chat2Vis [121] chart ChatGPT, etc. x X chart generation - Link
ChartAssisstant [125] chart Sphinx, Donut QA, etc. - Link
FinVis-GPT [178] chart LLaVA v v QA, etc. Financial Link
ChartGPT [171] chart Flan-T5 VX chart generation - Link
MMCA [101] chart mPLUG-Owl / / reasoning, etc. - Link
ChartLlama [55] chart LLaVA v/ /' QA, generation, editing - Link
CHOCOLATE [66] chart GPT-4V,etc. x / captioning - Link
ChatCAD [177] image ChatGPT X X QA, etc. Medical Link
LLM-CXR [90] image dolly-v2-3b v oV QA, generation, etc. Medical Link
Tree-GPT [43] image ChatGPT X X QA, etc. Remote Sensing -
ChartT5 [203] chart, table T5 VAN QA, summarization - Link
mPLUG-PaperOwl [65] chart, table LLaMA v v QA, etc. Scientific Link
U-Reader [186] chart, table, etc. mPLUG-Owl / / QA, etc. - Link
DiagrammerGPT [194] diagram Vicunal3B X X diagram generation - Link
Chain-of-Table [179] table GPT-3.5, etc. X X QA, etc. - -
mPLUG-DocOwl [185] document mPLUG-Owl / / QA, etc. - Link
Hegde et al. [62] document Flan-T5 VAR QA, etc. - -

FT denotes fine-tuning, while VA represents vision alignment, indicating whether the method incorporates additional
techniques to align the vision and text modalities, or if it solely relies on natural language to describe figures and tables.

implemented supervised approaches to train probabilistic language models, hidden Markov mod-
els, and conditional random fields to predict them. Bhatia and Mitra [12] employed naive Bayes
and support vector machine classifiers to select relevant sentences based on their similarity and
proximity to the figure caption and sentences that refer to the document elements.

5.3 Visual-Language Reasoning

In contrast to the previously mentioned tasks, visual-language reasoning demands a deeper un-
derstanding of the semantics inherent in figures and tables, consistently presenting a formidable
challenge. Addressing this task has prompted extensive efforts within the research community.
Google researchers proposed TaPas [64], a model that extends BERT’s architecture to encode ta-
bles and pre-trains on large-scale tables and texts from Wikipedia. STL-CQA [164] proposed a
transformers-based framework that fully leverages the structural properties of charts. It defines
novel pre-training tasks aimed at incorporating structural knowledge of charts into the model. As
research interest in this area continues to grow, an increasing number of evaluation datasets have
been proposed, as illustrated in Table 9.

The advancement of LLMs and VLLMs has brought visual language reasoning for tables and
figures into a new era, showcasing promising performance across diverse disciplines and various
types of figures or tables. We summarize the related research in Table 10, considering various as-
pects, such as data type, backbone model, tasks, and so on. From this table, we observe that research
on image understanding spans diverse disciplines, notably in medical [90, 177] and remote sens-
ing [43, 61]. Inspired by Chain-of-Thought (CoT) [180], Wang et al. [179] presented Chain-of-
Table, which guides LLMs to generate operations and update the table step by step. ChartT5 [203]
introduced a visual language pre-training task to enhance chart understanding. Specifically, given
the input chart image and the extracted OCR tokens, ChartT5 predicts the masked values of the
table in the output. In addition, mPLUG-PaperOwl [65] is an OCR-free multimodal LLM (MLLM)
for scientific diagram analysis. The authors proposed M-Paper, a diagram understanding dataset
constructed by aligning diagrams in scientific papers with related paragraphs, for fine-tuning the
MLLM. FinVis-GPT [178] performs instruction tuning on financial charts and their corresponding
description, enabling the model to generate chart descriptions, answer questions, and predict fu-
ture market trends. In addition to charts and tables, several methods, like mPLUG-DocOwl [185]
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and UReader [186], demonstrated proficiency in handling diverse visual-language scenarios, such
as documents, web screenshots, and so forth.

Beyond reasoning tasks, several researchers explored chart generation and editing [55, 121, 171].
For instance, ChartLamma introduced a novel instruction-tuning dataset and fine-tuned the
LLaVA [102] model, resulting in an MLLM capable of addressing various complex tasks, such as
text-to-chart and chart editing. ChartGPT [171] fine-tuned Flan-T5 to instruct the model to gener-
ate charts based on abstract natural language descriptions.

6 APPLICATIONS OF SCIENTIFIC TABLES AND FIGURES

Several downstream tasks have leveraged scientific figures and tables to improve performance. We
summarized those findings as follows.

6.1 Academic Multimodal Search

The academic search may be the most practical application of scientific tables and figures. San-
dusky et al. [155] conducted an experiment on user needs for scientific tables and figures and
found that many users considered tables and figures essential to identify relevant articles.

Current research and benchmarks on scientific figure retrieval are mainly used in biomedical
[7, 188, 189], medical [63, 168], clinical [131], and radiological [5, 76] images. Initially, image re-
trieval tasks were performed by annotating manually and retrieving by a text keyword-based
search [7]. The disadvantages were the high cost of expert labeling and that the labels cannot
adequately express visual semantics [124]. Therefore, an increasing number of studies focused on
content-based image retrieval (CBIR), which focuses on extracting image features and calcu-
lating the correlation between the query and the image. Miiller et al. [131] presented a comprehen-
sive survey on the research about CBIR in medical images. They observed that the most commonly
used features were color, texture, shape, and the like. PathMaster, produced by Mattie et al. [124],
extracted cytology-specific features using image segmentation techniques to generate binary iso-
lation masks and identify cytoplasm, nucleus, and nucleolus. You et al. [189] noticed that authors
usually used symbols, such as arrows and lines, to indicate the important content in images, and
constructed a heuristic-based method to detect these symbols. The authors argued that extracting
the features of image ROIs annotated by these symbols could facilitate biomedical image retrieval.
Demner-Fushman et al. [38] acquired image features by MATLAB and trained an SVM classifier
to tell if an image is relevant to a query. Yu et al. [193] described a hypothesis that figures could be
ranked in terms of their bio-importance. Based on this hypothesis, they developed an unsupervised
NLP approach to rank figures in bioscience articles automatically.

Studies also focus on other domains and other types of scientific figure retrieval. Choudhury
et al. [28] constructed a chemical figure search engine by indexing figure captions and mentions.
This method can be extended to other domains efficiently but does not utilize image features. In
[24], the authors proposed DiagramFlyer, designed for searching statistical figures. This system
extracted figure metadata, like axis labels, axis scale, title, and legend, and allowed users to query
figures using them. FigExplorer [86] was the first general figure search engine, which provided
various figure exploration functions, such as exploring figures with the same topics based on the
citation network. In addition, the authors fed the caption and mentions of figures into an LSTM
network to learn figure embedding, which was used for the figure re-ranking function. Yang et al.
[184] provided a survey on diagram image retrieval and analysis, summarizing current scientific
diagram retrieval research by the method.

Compared with scientific figure retrieval, there are few studies on scientific table search. More-
over, most of the research on table retrieval takes web tables as the research object. TableSeer
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[107] was a system designed for academic table searches. Liu et al. [108] proposed a table ranking
algorithm and embedded it into the TableSeer system to facilitate scientific table extracting and
searching; experimental results demonstrated that TableSeer outperformed the widely used search
engines, like Google Scholar, in searching for information in tables.

In addition to academic research, the retrieval of scientific tables and figures has entered the
stage of practical use. For instance, search engines like CiteSeer,'’ Open-i,!! BioText,'? Academic
Explorer,'® and others, have introduced the table/figure search function.

6.2 Scientific Knowledge Graph

The science knowledge graph, which represents academic research in a machine-comprehensible
way, can revolutionize scientific activity by allowing information and research results to be seam-
lessly integrated and better matched to complex information needs [48]. Initially, research on sci-
entific knowledge graphs concentrated solely on textual information, neglecting figure and table
data. To construct a survey articles knowledge graph, Fathalla et al. [48] introduced an ontology
including the research problem, approach, implementation, and evaluation. It was the first step
in shifting the paradigm of scholarly communication from document-based to knowledge-based.
[9] and [72] both chose “research contribution” as the core concept of ontology. These works are
limited by the fact that different disciplines have specialized concepts. The concept of “problem”
in the natural sciences may be referred to as a “hypothesis” or “research topic” in engineering. As
a result, an ontology designed for one domain may not work well in another. Luan et al. [115]
solved this problem by developing a multi-task model to extract terms, relations, and co-reference
in scientific documents without designing ontology or features manually.

Compared with unstructured text, the structured information provided by tables is inherently
suitable for building knowledge graphs. Furthermore, the table is an effective tool for conveying
the core concepts or knowledge in work. Several scholars have recently seen the potential value of
scientific tables and integrated them into scientific knowledge graphs. Kruit et al. [85] presented
Tab2Know, an end-to-end system for constructing a KB from scientific tables. This system can
already answer some non-trivial questions, such as “What is the F1 of BERT on TACRED?”. The
authors assumed that it could be used for various other purposes, such as categorizing papers
and detecting inconsistencies or plagiarized content. In particular, [136] collected survey tables
from literature review papers and then extracted knowledge from them to construct a scholarly
knowledge graph. Apart from this, [79] presented an approach for extracting KGs from different
modalities: text, architecture images, and source code.

6.3 Question Answering

Intuitively, the high-quality knowledge in academic papers benefits QA systems that require sci-
entific information. Faldu et al. [46] partially demonstrated this by introducing KI-BERT, which
infused knowledge context from ConceptNet and WordNet. Experiments revealed that it signifi-
cantly outperformed BERT-Large for academic subsets of QQP, QNLI, and MNLI. Tab2Know [85],
mentioned in the previous subsection, is an example of using academic tables for question answer-
ing. Recently, much attention has been placed on the problem of visual question answering
(VQA), and some datasets in scientific styles were proposed, such as FigureQA and PlotQA. The
objective of VQA is to automatically predict the response to a natural language query given an

Ohttps://citeseer.ist.psu.edu/
Uhttps://openi.nlm.nih.gov/
Zhttps://biosearch.berkeley.edu/
Bhttp://figuresearch.web.illinois.edu
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image. Masry and Prince [123] combined automatic chart data extraction and table parsing meth-
ods to boost chart question-answer performance. In [45], the authors fine-tuned CLIP based on
PubMed articles and verified the effectiveness of PubMedCLIP for the task of Medical Visual
Question Answering (MedVQA). Experiments revealed that PubMedCLIP reported the best re-
sults, with overall accuracy increases of up to 3%.

6.4 Scientific Claim Verification

A significant challenge in natural language processing is determining whether a textual hypothesis
is entailed or rejected by the information presented [81, 174]. TabFact [22], a dataset for table-based
fact verification, shifted scholars’ focus away from unstructured evidence and toward structured
evidence. In 2021, SemEval introduced a task called Fact Verification, and Evidence Finding for
Tabular Data in Scientific Documents (SEM-TAB-FACTS) [176], which prompted the utilization of
scientific tables in the fact verification field. The goal of sub-task A was to determine if a state-
ment is supported, refuted, or unknown concerning a table. At the same time, sub-task B focused
on identifying the specific cells of a table that provide evidence for the statement. King001 ob-
tained the highest score for task A by Trained 20 instances of TAPAS, SAT, and Table-BERT for
an ensemble of 60 models. BreakingBERT, proposed by Jindal et al. [73], won task B by building
ensemble models with TAPAS and Table-BERT Transformers in a hierarchical two-step method
for 3-way classification. These solutions bridged the gap with statement verification and evidence
findings using tables from scientific articles.

7 CHALLENGES AND POSSIBLE FUTURE DIRECTIONS

Understanding scientific tables and figures has seen tremendous progress over the last few years
with the help of deep learning. There have been several successful attempts at table detection
and recognition, and some of these have already been put into practice. Furthermore, the rapid
evolution of LLMs and VLLMs has ushered in a new era for the interpretation of tables and figures.
To advance this field, we conclude with challenges and future directions from the data, models,
performance, and application perspectives.

7.1 Data

Data is the basis for deep learning model training and testing. Existing datasets mainly focus on
document layout and table structure. Based on the dozens of datasets summarized in this paper,
we believe that the following aspects should be considered in the future while building datasets.

Diversity. Most datasets are based on data from PubMed and arXiv, and the articles are mainly
in English and from the computer and medical areas. Models need to verify their generalization on
multilingual and interdisciplinary tables and figures, so it is necessary to build a dataset containing
papers in diverse languages, layout styles, and disciplines.

Complexity. The complexity of the dataset significantly influences the model’s ability to ro-
bustly handle tables and figures in real-world scenarios. Existing datasets for the detection and
structure analysis task may not comprehensively consider various complex tables and figures,
such as tables containing images, formulas, and so on. Furthermore, in the interpretation task,
a substantial portion of datasets primarily consist of chart question and answer pairs, yet there is
a noticeable scarcity of datasets comprised of flow charts and subject-related images commonly
encountered in academic papers.

Completeness. Table/figure and text descriptions in the literature tend to complement each
other. Available datasets are incomplete due to the lack of captions and notes of tables and figures,
as well as descriptions in the text, which are very important for some downstream tasks, such
as retrieval and question answering. Moreover, it may contribute to mining the semantics of a
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table/figure and multi-modal learning based on academic papers. We can learn from the success of
the CLIP model [148]. It can align the text and image well and get notable performance on multiple
tasks. PubMedCLIP [45] is one of the successful attempts based on PubMed articles.

7.2 Models

Interpretability. Interpretability is always a non-negligible issue when building a deep learning
model. Certain phenomena should be investigated; for instance, why does the performance of
some models decline dramatically as the IoU threshold rises while the performance of others barely
changes? Analyzing these questions allows us to understand models better and select the one that
best meets the needs of the application.

Trustworthiness. As an increasing number of studies delve into harnessing the capabilities
of LLMs and VLLMs for understanding tables and figures, concerns have arisen regarding the
likelihood of LLMs producing hallucinations. LLMs occasionally generate inaccurate content or
deviate from contextual logic, posing significant risks to scientific research. Therefore, addressing
how to enhance the trustworthiness of LLMs in scientific table and figure understanding emerges
as a crucial research direction for the future.

End-to-end. Existing models, particularly those for structural analysis tasks, sometimes rely on
extensive preprocessing or postprocessing procedures or are made up of several sub-modules. The
training objectives of each module are inconsistent, making it difficult for the trained system to
achieve optimal performance in the end; another issue is the accumulation of errors, which means
that the deviation produced by the previous module may affect a later module. The end-to-end
model eliminates errors caused by intermediary processes and minimizes model complexity.

Special design for scientific documents. Scientific documents are different from ordinary
documents in many ways. For example, knowledge extraction in academic papers imposes higher
requirements on entirety. Models designed for scientific documents should take these characteris-
tics into account.

7.3 Performance

Accuracy in practice. Although the model succeeded in public datasets, this may not remain true
in practical applications. For example, in Semantic Scholar’s table and figure preview function, the
table image frequently contains a portion of the body text.

Inference efficiency. Most previous studies only compared evaluation metrics, such as preci-
sion and recall, ignoring model efficiency and computing resources. Inference efficiency is a crucial
factor influencing practical applications. Therefore, reducing the time and computing resources re-
quired for inference while maintaining accuracy is a contemporary problem and hot topic.

Generalization. The performance of a model may be influenced by various factors, including
discipline, layout style, font, language, and the content of tables and figures. Nevertheless, due to
dataset limitations, comprehensive research has yet to examine the impact of these aspects on the
model. Thus, further investigation is necessary to explore models’ generalization capabilities in
these contexts fully.

7.4 Application

Even though scientific tables and figures are used in numerous studies, the distribution of research
topics and disciplines is uneven. In mining academic tables and figures, we can either integrate dis-
cipline characteristics and focus on discipline-specific knowledge or build interdisciplinary knowl-
edge bases or pre-training models. For example, based on the descriptive text or data given by users,
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we can develop a scientific style figure pre-trained model to automatically generate or beautify fig-
ures or provide color matching and layout suggestions.

8 CONCLUSION

This paper presents a comprehensive and unifying survey on understanding the tables and figures
of scientific documents. We review these studies by categorizing them into subtasks and sum-
marizing current challenges and limitations. We observed that there has been extensive research
on detecting tables and figures in papers with a significant number of benchmark datasets. We
also present a summary of the experimental results of the state-of-the-art models on benchmark
datasets. A thorough review of the practical applications that utilize scientific tables and figures is
also provided. Finally, we highlight some potential directions for future research. Overall, we hope
this survey will serve as a hands-on reference for a better understanding of the current research
development on scientific tables and figures and assist readers in advancing this field.
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