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Executive summary
Figures represent a fundamental part of scientific literature. They represent a valuable source of
knowledge and they allow humans to understand the content scientific works. Developing methods that
can help to extract knowledge from the figures and text included in scientific articles is part of the
ExaMode objectives, and particularly of Deliverable 3.2.
Deliverable 3.2 "Set of publicly available algorithms to separate compound images" describes the
complete pipeline to handle compound figure separation. The algorithms to separate compound figures
and link them to related text are publicly released on Github and a link to them is available on the
ExaMode website. The publication describing the algorithms and the results of their evaluation (which
corresponds to the text of this deliverable in its preliminary form) is planned to be released by the end
of July, since before submitting, it would be beneficial to test few more changes of the pipeline that
might allow to improve the results.
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1 Introduction
Figures represent a fundamental part of scientific literature. They allow humans to better understand the
content described in the text of articles and books, thus representing a valuable source of knowledge.
Developing methods that can help to extract knowledge from the figures and text included in scientific
articles and books is a problem that is currently unsolved [1] and that is part of the ExaMode objectives.
There are many problems that make it difficult to extract knowledge from scientific literature. Among
those, compound figures separation is one of the biggest and still less studied ones. This document
clarifies the problem of compound figures separation, it describes what has been done in literature to
face it, it proposes a procedure to fully approach it and evaluates it on concrete data. The code for
performing compound figure separation was publicly released. Our team is currently working on
improving the results before submitting a final publication to describe the results. Submission is foreseen
by the end of July.
Compound figures can be defined as images that include several sub-figures (panels), identified by panel
labels (that can be letters, arabic or roman numerals, or combinations of them). Compound figures are
usually associated with a textual description (the caption), that in most cases refers to each panel via the
labels.
The scientific literature stores a very large amount of available medical knowledge in terms of text and
figures. This is particularly evident in the biomedical domain. For instance, the PubMed Central (PMC)
repository1 includes more than 2 million articles in total with an average of 3.5 figures per article,
including 1.5 compound figures of 4 sub-figures each. This sums up to approximately seven million
figures, including 3 million compound figures with 12 million sub-figures for a total of >16 million
figures available in 2018 if separated correctly. With an expected increase of nearly 3 million figures in
2019 and more in the following years, it promises in the near future very large amounts of training data
in various applications and modalities. Difficulties related to scientific literature data include the
heterogeneity of the images, the presence of compound images and the automation of ground truth labels
extraction from the text [1].
Automatic methods have been proposed to access to biomedical images and their associated metadata
using text-based approaches [2, 3, 4] and content-based methods [5, 6, 7, 8]. Considering the amount of
images available in scientific literature, it is important that these methods can access the information in
an efficient way. The performance of the methods can be improved with pre-processing operation on
the data (e.g. classifying the images according to their modality) or with post-processing operation on
the results (e.g. using criteria for filtering the results).
Compound images represent almost 50% of the figures within open access biomedical literature [9, 10,
11]. Their characteristics raise some open challenges, [10, 12]. The sub-figures within a compound
image usually represent different concepts, therefore it is necessary to separate them in order to apply
content-based image analysis methods [12]. Similarly, the caption also includes a textual description for
each of the images. Therefore, also in this case, the content related to its sub-parts needs to be identified
and to be associated to the sub-images.
The problem of separating compound figures can be decomposed in two main phases, namely panels
segmentation and caption splitting [12]. Panel segmentation consists in separating the compound image
into the sub-figures that compose it and associating the right label to each sub-figure. Thus, panel
segmentation can be itself divided into two sub-tasks: panel splitting (targeting the division of the figure
into the sub-figures) and label recognition (targeting the recognition of the labels within each sub-figure
and their association to the sub-figure). Caption splitting consists in identifying within the caption the
textual information related to each sub-figure.
In literature, panel splitting is faced with approaches based on traditional computer vision algorithms
and approaches based on machine learning. Traditional computer vision approaches usually exploit the
gap between the different panels, using techniques adopted in detection tasks [10, 13, 10].

1

http://www.ncbi.nlm.nih.gov/pmc/
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Müller et al. [10] proposed an approach for panel splitting based on two phases: detection and analysis.
In the detection phase, vertical and horizontal lines are identified, applying recursive operations to
separate the panels. In the analysis phase, the lines classified as false positive are removed. Li et al. [å13]
developed a method based on Connected Components Analysis (CCA) for removing small objects
within an image. The algorithm maintains only the main components (the panels) inside the image.
However, they noticed that the process is not working well with images that are not well-connected or
blurry. Therefore, the author used an edge detector to improve blurry components detection and applied
dilation on the edge image, in order to increase the connectivity between panels. Also in Cheng et al.
[14], the panels are split using techniques for detecting vertical and horizontal lines. In this work, a
pipeline of operations is applied for detecting the lines: a Sobel filter is applied to the image and then
candidate bounding boxes are generated. A filter is then applied to remove false positive bounding
boxes. The approaches based on machine learning algorithms mainly exploit the results reached by
Convolutional Neural Networks (CNN) in computer vision tasks [15, 12, 16]. In Tsutsui et al. [16], a
CNN is trained for separating the panels. The problem is organized as an object detection problem. The
"You Only Look Once version 2 (YOLOv2)" system [17] is applied in order to detect the sub-figures
and to define their bounding boxes. In Zou et al. [15] both the sub-tasks of panel segmentation (panel
splitting and label recognition) are explored. The panels are detected using the features extracted from
the figures with Histograms of Oriented Gradient (HOG) in order to train an Support Vector Machine
(SVM) classifier. The label recognition is proposed as a classification problem: a 50 classes
(alphanumerical characters and digits) SVM classifier estimates the posterior probabilities for each one
of the candidate labels. Finally, the panels are linked with the corresponding labels using a beam-search
algorithm, discarding false-positive elements. The same authors improved the task in [12], performing
both the sub-tasks using deep convolutional neural networks. The neural network works in this case in
a single step, separating the figure in panels and detecting their labels simultaneously. The backbone
neural network is organized in various layers, so that the features are organized in a pyramid. The
features feed a classifier for generating candidates, for both panels and labels. Also in this case, the
candidates for panels and labels are fused using a beam search algorithm.
Caption splitting can be considered as a sub-task of the information extraction domain. Two main kinds
of approaches are described in literature to perform caption splitting: approaches based on hand-coded
rules and approaches based on machine learning methods In the hand-coded rules approaches, a set of
rules is applied to the caption. Cohen et al. [18], apply a set of hand-coded rules in order to extract and
classify image labels and design two methods for the evaluation. Each of the image labels is classified
into three classes: bulleted list indicators, proper noun indicators and reference indicators. Two handcoded approaches are tested. The first method achieves high precision (98.5%) but very low recall
(45.6%), while the second achieves lower precision (74.5%) but higher recall (98.0%) and a higher Fscore. Apostolova et al. [19] adopted similar rules for their work, focusing it on the extraction of bulleted
list indicators. In both the previous works, false-positive labels are eliminated, using filter rules. In [20],
a semi-automatic method, based on different hand-coded rules is proposed. In this work, the algorithm
needs the image label type (e.g. (A), A), or A:) as input. The information is used in order to extract the
image labels and the sub-figure captions from the figure caption. Freitag and Kushmerick [21] introduce
a machine learning method to learn string patterns, in order to split captions. However, the algorithm
needs several input parameters: the starting index, the ending index and the length of each text label
within the caption. The approach takes inspiration from [18], but it differs in the approach.
As described in the previous paragraphs, several works in literature describe separately panel
segmentation, panel splitting and caption splitting. Instead, works describing the combination of the
different phases together were not described in literature until now to the best of our knowledge. The
following sections describe in detail the comprehensive procedure developed for this aim (including
panel segmentation and caption splitting) and the evaluation of each phase. Currently, our team is
working on improving the results before submitting a final publication to describe the results, which is
planned to be submitted by the end of July.
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2 Methods
Compound figures can be defined as figures that are composed of several panels. Usually, labels (such
as letters, arabic or roman numerals, or combinations of them) identify each panel. Compound images
are usually associated with a textual description (the caption), that in most cases refers to each panel via
the labels. Compound figure separation can be described as composed of several sub-tasks: panel
segmentation (including panel splitting and label recognition) and caption splitting. Those different steps
are summarized in Figure 1. This work presents a complete pipeline to deal with all the mentioned tasks,
required to perform compound figure separation. Each step is detailed in the following subsections.

Figure 1 : Overview of the procedure to separate compound images.

2.1 Panel segmentation
Panel Segmentation targets both panel splitting and label recognition. The results from those two subtasks are then merged using the beam search algorithm described in [12].
Even though two independent networks were trained to achieve panel splitting and Label Recognition,
a single unified network handles both tasks. While the work in this section is inspired to the recent work
by Zou et al. [15], that proposed a single unified network handling both tasks, the code was consistently
re-written.
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2.1.1 Panel splitting
Panel splitting consists in dividing the compound figure into the sub-figures that compose it. Panel
splitting is achieved using RetinaNet [22] for object detection. This model is based on the Focal Loss
for dealing with extreme foreground- background class imbalance. Labels are completely ignored when
dealing with panel splitting. We implemented a neural network aiming at achieving this task specifically.
The raw output of the neural network goes through a Non Max Suppression (NMS) procedure. This
approach is fairly common in modern object detection pipelines.
It is used to filter out the overlapping predictions made by the model. It is important to note, though,
that NMS was configured specifically for our task. Indeed, contrary to conventional object detection in
photos, panels will almost never overlap with each other. By choosing a significantly low IoU
(Intersection over Union) threshold, predictions involving overlapping proposals are rejected. This
solution was chosen after experimental tests, since it lead to a noticeable improvement of performance.

2.1.2 Label recognition
The task identified as label recognition is independent from panel splitting. The goal is to localize and
identify the labels possibly present in a compound figure. Currently, this phase targets single character
labels. Zou et al. [12] proposes 50 different classes representing single alphanumerical character labels.
For sake of convenience, we use the same network architecture as for panel splitting.

2.1.3 Fusion of panel splitting and label recognition
To simultaneously detect panels and labels from a single compound image, a single CNN feature
extractor is shared by the two sub-networks that specialize into either panel detection or label detection.
The architecture was previously described in [12] and it is illustrated in Figure 2. More precisely, a
single Resnet50 [23] feature extractor is shared as a common backbone. Then, two different subsets of
the backbone output are feeding two different Feature Pyramid Networks (FPN). The convolutional
features used are C3, C4 and C5 for panel detection and C2, C3 and C4 for label recognition. The
ResNet50 architectures offers several features reflecting different receptive fields. C2, C3, C4 and C5
denote the residual blocks constituent the ResNet 50 architecture. The higher the number, the deeper the
layer and so, the larger the receptive field. Hence, to detect the labels, that are smaller, we use features
from lower layers. A classification head and a regression head follow each FPN. The panel classification
head is trained to binary classify the presence of a panel in each proposed region. The regression head
is trained to discriminate over the 50 classes presented by [12] (which correspond to single
alphanumerical characters). At this point, the presented model outputs, for a single image, a set of panel
boxes and a set of labeled label boxes. However, a key step needed to achieve panel segmentation is to
match the splitted panels to the recognised labels. In order to do this, we applied the beam search
algorithm proposed by Zou et al. [12], which is a greedily approach aiming at matching the detected
panels and labels. This algorithm also helps eliminating panel or label false positives as it outputs panellabel pairs.

2.2 Caption splitting
Captions convey important information that help to understanding each sub-figure. The caption splitting
component separates the caption, linked to the compound image, into sub-captions, each one linked to
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a different panel (sub-figure) of the image. This caption splitting component has two input parameters,
it is composed by a pipeline of operations and it was tested on a manually annotated ground truth. The
two input parameters of the algorithm are the caption (associated to the compound image) and the labels
detected by the label recognition step of the pipeline (described in section 2.2. The "caption" input
parameter is represented by a string. The "labels" input parameter is stored within a list. In this version
of the algorithm, the labels are alphanumeric characters, both lower-case (e.g. a, b, c, d) or upper-case
(e.g. A, B, C, D). The caption splitting algorithm is composed of a pipeline of operations applied to the
"caption" input. The operations are applied in order to identify and filter the labels, to identify the relative
text snippets and to separate them into sub-captions. The first step of the procedure detects the positions
of the candidate labels. The operation identifies the labels within the input captions and the relative label
positions. The output of the operation is a tuple including the label and its position. The second step of
the procedure filters the detected labels. The filtering is made considering the position of the label within
the sentence. It is important in order to determinate if it is a real label or if it is an element of the sentence.
Three-position classes are detected: 1) the labels that precede the panel description (e.g. a) ....); 2) labels
that follow the panel description (e.g. ... (a)); and 3) labels that are contained in a Part of Speech (POS)
description (e.g. labels preceded by words like in, from, and panel). The labels classified as Part of
Speech are not considered as actual labels since they are used for reference or as proper names within
the sentences. The third step of the pipeline detects the snippets of the caption associated with the labels.
The caption is fragmented in snippets using the filtered tuple (label, position). A set of hand-coded rules
is applied to the labels (classified as pre or post description) in order to fragment it in snippets. The rules
consider the position within the tuple and the class of the corresponding label. Depending on the class,
the text snippet, contained between two labels, is assigned to the preceding label (pre-description class)
or to the following label (post-description class). If a text snippet is associated to label ranges or
sequences, it is duplicated as many times as the number of labels in the range/sequence (e.g. the range
A-D duplicates the text snippet for A, B, C, and D). The example reported below shows the input and
output of the algorithm applied to a caption. In this case, the labels belong to the post-description class.
INPUT: Immunohistochemical expression of c-MET in human prostate cancer.c-MET is highly
expressed in scattered prostate cancer cells (A), and particularly at invasive fronts within peri-prostatic
fat tissue (B); arrowheads indicate positive cells. Original magnification 100x.
OUTPUT: A: Immunohistochemical expression of c-MET in human prostate cancer.c-MET is highly
expressed in scattered prostate cancer cells. arrowheads indicate positive cells. Original magnification
100x. B: , and particularly at invasive fronts within peri-prostatic fat tissue. arrowheads indicate positive
cells. Original magnification 100x.
The caption splitting component is evaluated on a partition of PudMed dataset. The partition includes
193 (originally 250) samples and it comes without ground truth annotations, thus required to manually
create it. Each sample within the partition includes a caption and the corresponding compound image.
In order to evaluate the performance of the algorithm, the captions were manually annotated by a human
operator. For each of the captions, a list of labels and the corresponding text snippets was identified.
After the process of manual annotation of the text snippets, only 193 samples were selected to compose
the partition. The partition originally included 250 samples, but 57 of the 250 captions were discarded
because within it was not possible to identify the labels or the corresponding text snippets.
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Figure 2 : Detailed view of the full procedure to separate compound images
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3 Results
The pipeline to perform all the phases required to separate compound images was completed, tested and
made publicly available on GitHub2 and linked from the ExaMode web page3. The implementation code
relies on the Pytorch library [24] through Facebook Detectron 2 API [25]. The code for each sub-task
was tested independently, providing the results summarized below, in order to allow the comparison of
performance with previous works.
The goal of panel splitting is to localize the panels within a compound figure. This task can be described
as single class object detection problem. This task was first proposed within the ImageCLEF 2013
challenge [11] and re-proposed within the ImageCLEF 2016 edition. We chose to evaluate our model
for panel splitting on the 2016 data set to be able to compare our results to several recent works.
The ImageCLEF 2016 data set is limited by including annotations for panels only. Hence, it could not
be used to evaluate performance of the system for the other tasks (caption splitting, label recognition
and thus panel segmentation). The ImageCLEF data were divided in the following way to train the neural
network: 6783 samples (81% of the data set) were used for training and 1,614 for testing.
To overcome this limitation, Zou et al. [12] gathered a new data set that will now be referenced as the
Panel Seg data set. The authors have extracted 10,642 figures from the original PubMed Central data
set 4 and annotated both the panels and the labels. Evaluation of label recognition and panel
segmentation tasks have then been conducted on this data set. The Panel Seg data were divided in the
following way to train the neural network: 9,642 samples were used for training 90%) and the remaining
1000 images were used for testing.
The results for the panel splitting task (on the ImageCLEF 2016 data set and on the Panel Seg data set)
are reported respectively in Table 1 and in Table 2. The used evaluation metrics are precision, recall,
and Mean Average Precision (MAP). Since in the panel splitting task we only detect a single class
(panels), the MAP metric corresponds to the average precision. The performance of the algorithm on
the ImageCLEF data set was also evaluated with the "ImageCLEF accuracy", a metric defined
specifically for the panel splitting task and described in detail [11]. The performance of the model
proposed by Zou et al. are also provided.

Table 1 : Panel splitting results (ImageCLEF 2016 data set)

Table 2 : Panel splitting results (Panel Seg data set)

2
3

https://github.com/GaetanLepage/panel-seg
https://www.examode.eu/software/
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Label recognition was evaluated on the Panel Seg data set. The results for the label recognition task are
reported in Table 3. Also in this case, the used evaluation metrics are precision, recall, and mean Average
Precision (MAP). The performance of the model proposed by Zou et al. are also provided. Even though
our implementation mainly follows a very similar architecture, the results of the model developed in the
context of this work are significantly better in terms of precision, recall and MAP.

Table 3 : Label recognition results

Figure 3 : Example of label recognition output

Figure 4 : Example of panel splitting output
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Figure 5 : Example of caption splitting output. Panel A) includes includes an example of caption
well split (labels equal to their corresponding ground truth). Panel B) includes an example of
caption well split (labels similar to their corresponding ground truth). Panel C) includes an
example of caption considered as not well split.
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Caption splitting is evaluated on a partition of the PubMed dataset, described in 2.2. The dataset includes
captions and the corresponding ground truth (a set of sub-captions that were manually annotated). A
metric to evaluate this specific problem was not presented before in literature. Therefore, we decided to
assess the performance by measuring the percentage of captions that were correctly split by the
algorithm. A sample is correctly split if all the predicted sub-captions are equal (or sufficiently similar)
to the ground truth sub-captions (Fig. 5, panel A and panel B). Otherwise, a sample is not correctly split
(Fig. 5, panel C). The evaluation is made considering the sentences (components) within a sub-caption
according to the following rules. Two sub-captions are equal if both of them include the same
components, in the same order (Fig. 5, panel A). Two sub-captions are similar if both of them has a
common set of components (not necessarily in the same order) and the non comment components are
exclusive for the corresponding label (e.g. the sub-caption of label b does not include text snippets linked
to the label a) (Fig. 5, panel B). For each sample, the human operator manually assessed if the caption
was well split in the text snippets. According to the mentioned rules, the algorithm was capable to divide
the caption into subcaptions in 86% of the considered cases.

4 Conclusion
This work describes the complete pipeline to handle compound figure separation. The algorithms to
separate compound figures and link them to related text are publicly released on Github and a link to
them was also placed on the ExaMode website. The publication describing the algorithms and the results
of their evaluation (which corresponds to the text of this deliverable in its preliminary form) is planned
to be released by the end of July, since before submitting, it would be beneficial to test few more changes
of the pipeline that might allow to improve the results.
As described in the results section, the fundamentals of the algorithm are promising. Nevertheless, some
aspects are currently at an early development stage and will be refined. This is the case for instance of
the unified neural network. Concerning label recognition, we plan to leverage the single character
hypothesis for the labels. To achieve this, different solutions can be considered. For instance, the unified
neural network could be used to infer the location of the labels and not their classes. A separate OCR
algorithm might then be used on the extracted label patches to identify the label text. Otherwise,
thestructure of the labels within an image could be exploited. In fact, the labels usually respect some
rules, as they are a contiguous sequence of indexes. An image might be classified into severalpre-defined
categories such as ’A, B, C’, ’1a, 1b, 2a, 2b’, ’1, 2, 3’ etc. Identifying the label structure may bring
additional reliability to the label detection, thus allowing to improve the results. Panel segmentation
might benefit some improvement of the beam search algorithm. Finally, caption splitting might also be
improved with more hand-coded rules or with more innovative approaches based on deep learning.
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