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Abstract

The comparative analysis of data from multiple candidate material systems is essential for the improvement and development
of advanced composite materials. Since the characteristics (e.g., length, orientation) of individual objects (e.g., pores, fibers)
are crucial for the properties and the behavior of materials, the exploration of these is of utmost importance. Currently, the
comparison of these multivariate, numerical data requires significant mental efforts, since the experts have to perform a sequential
comparison of many slightly different charts. This work aims to simplify the workflow for comparing many datasets by providing
experts with an interactive visualization framework. By combining different representations at various levels of detail, it assists
users to get a holistic view on the similarities of the features and their characteristics. An overview visualization allows to
determine the similarity of the features of several samples, additional detail visualizations give the user detailed information
about groups of similar structures. We demonstrate the applicability of our tool on two use cases, a fiber reinforced polymer
subjected to an in situ test, and a drying-process of a wet wood.
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1 Introduction

The use of customized composites is nowadays a quasi-standard in many industries due to their flexibility [1]. Based on their
microstructural components (fibers, pores, etc.) and their characteristics (length, orientation, etc.), the properties and the behavior
of the materials can be tailored to the specific area of application. Comparisons of various materials are necessary to determine
those candidates that best cope with given environmental factors. In addition, to determine how the composites behave under
load, in situ damage investigations are performed. Both of these analytical goals require complex analysis of multiple materials,
comparing either different samples or one sample across several time steps.
To gain insights into internal microstructures, X-ray computed tomography (XCT) is a widely used non-destructive testing
method, providing detailed scans of the specimen [1]. XCT typically images three-dimensional volumes, in which intensity
values are stored. By applying segmentation and quantification algorithms to XCT images, the individual features (i.e., fibers
or pores) and their characteristics (i.e., length or orientation) can be precisely determined [2]. The result of this procedure is a
tabular dataset, in which various numerical characteristics have been calculated for each segmented feature in the volume.
If different samples or larger numbers of samples, e.g., over several time steps, have to be compared with each other, a comparison
of many multivariate datasets is inevitable. The quantity of datasets can be termed ensemble, since ensembles are defined as large
data collections containing a number of individual, but related datasets with slightly varying properties [3]. Currently, this type
of data is analyzed using superimposed line charts, bar charts or histograms, which are compared sequentially [1, 4]. More
advanced visualization systems include scatterplot matrices (SPLOMs), parallel coordinate plots (PCPs) or star plots, where
several characteristics can be explored at the same time [2]. To analyze multiple samples, these visualization techniques are less
suitable because they quickly lead to serious overplotting, when a high number of features is displayed. Comparing several of
these visualizations is also quite complex for the viewer, as it takes considerable mental effort to find even small differences. The
aim of this work is to simplify and shorten the complex workflow of these investigations by providing a comparative analysis
system.
To assist material scientists in understanding, exploring, designing and optimising materials, the primary goal of this work is to
provide customized comparative visualization techniques. The developed techniques allow the comparison of individual features,
such as fibers or pores, based on their characteristics within a single dataset as well as a comparison across multiple samples
and all feature manifestations of interest simultaneously. We focused on developing and extending a tool that allows material
scientists to easily recognise similar (or dissimilar) datasets based on their characteristics. The visualization framework generated
is intended to help experts to compare data that could not be collated before. Our visualization framework was designed based
on the task-specific questions that material engineers might formulate according to the available database as: Which samples are
composed of the same sort of features? For example, are the different materials made of the same type of fibers, e.g. very short
or very long fibers? Do similar groupings of features exist within or between the datasets? If the materials to be compared are
highly inhomogeneous, do individual regions exist in which the features are alike?
In our approach the identification of patterns in numerical multivariate datasets is achieved through various visual analytic
approaches combined with 3D representations of the observed structures. Our framework is based on the visualization methods as
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introduced in CoSi [5]. We extended the CoSi framework through the integration and combination of visual analytics depictions
with a multitude of three-dimensional representations. Our contributions thus consist of the following aspects:

• a holistic visualization framework that unites advanced aggregation visualizations with concise three-dimensional views
for a short but in-depth comparison of a multitude of material specimens

• and two case studies employing these techniques on real-world XCT datasets of specimens containing fibers or pores.

2 Related Work

In this section we give an overview of the general process of visual analysis of composite materials and respective visualization
techniques applied in practice for this process. Only a few approaches address the visualization of many features for comparisons
of different or overtime-changing materials. We also give a brief insight into different visualization techniques that have been
realised for presenting material science data so far to learn from experiences gained.

2.1 Basic Visual Analysis Workflow of Composite Materials

To gain a deeper understanding of different manufacturing processes or the impact of forces or temperatures on materials, the
different test results need to be related to each other and evaluated. For this purpose, material experts conduct studies on
different quantities of samples and compare their internal structures one after the other. Maurer et al. [1] investigated the damage
propagation of four fiber reinforced polymers via in situ tests with five load steps. First, a pore segmentation was performed on
the XCT images, followed by a defect classification with respect to interesting characteristics of the pores. A sequential visual
comparison was performed by positioning the 3D renderings of the same time steps side-by-side. The number of defects per
material and loading force were visualized using a stacked bar chart. Chung et al. [6] focused on the examination of correlations
between pore characteristics and mechanical properties of air voids in cement-based materials. The pore distributions of the
specimens were compared using a side-by-side volume rendering approach. The distributions of the pores’ sizes of the different
materials were evaluated using separate histograms for each specimen. The correlation between parameters of the pore size
distribution and further characteristics were visualized through scatterplots.
Visualization techniques currently used in the field of materials science are not very effective in terms of adapting to the com-
plexity and scalability of the data. When examining multivariate characteristics of multiple samples, creating an informative
visualization becomes even more challenging. While conventional XCT data is defined on four different attributes (x, y, z, in-
tensity), multivariate datasets consist of a multitude of characteristics. The use of conventional visualization techniques for one
such dataset may be adequate depending on the number of features being visualized. However when a lot of features have to be
visualized, commonly used representations like scatterplots often do not enhance insights as strong visual clutter hinders a clear
visual perception of the individual features. Analysing various specimens, each described through its own multivariate dataset, is
even harder. Sequential examination of separate, juxtaposed charts, as currently general practice in the material science domain,
is time consuming and error-prone, since the experts have to rely on their memory to perform the comparison task.

2.2 Visual Analysis in Material Science

As discussed in the study by Heinzl and Stappen [7], a multitude of research work already exists in the field of visualization that
is dedicated to enhance representations for materials science data. Chiverton et al. [8], show the positioning of fibers in concrete
by using multiscale entropy to summarize the orientation and spatial distribution in a 3D representation. Weissenböck et al. [4]
introduced a visual analysis framework that enables material experts to perform comparisons of various XCT-datasets based on
their voxel intensities. By linearizing the scans using a Hilbert line curve, the differences in the voxel intensities is visualized
with Hilbert line plots. FiberScout [2] is designed for visualizing secondary data of an individual specimen. To provide the
user with an overview of all characteristics, a scatterplot matrix is presented, and for visualizing the distribution of the features’
orientation a polar plot is used. The visualization techniques demonstrated so far concentrated on the representation of spatial
data or summarizing a few characteristics of a single sample. CoSi [5] allows to compare several datasets based on the contained
features and their characteristics. CoSi enables the visualization of similarities of various datasets in different levels of detail by
providing a compact overview and several detail visualization. A significant limitation of the current CoSi system is that there
exists no connection of the numerically computed variables of the features to a spatial representation of them. For experts, it is
crucial to analyse the spatially inherent data in a 2D or 3D representation to get a comprehensive impression of the datasets.

3 Method

Our interactive visualization framework is based on the framework CoSi [5], and is implemented as a module in the open-source
software open_iA [9], available on github 1. Our extension addresses the current problem of CoSi and optimises the system
by incorporating spatial representations of the data. In its final form, our visual analytics framework consists of an overview

1https://doi.org/10.5281/zenodo.2591998
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visualization, three different detailed views and a matrix of spatial representations. Figure 1 demonstrates the user interface of
our framework showing an in situ test of a short glass fiber reinforced polymer which exposed to seven different load steps [10].

3.1 2D Visual Analysis

All two-dimensional visualization techniques allowing a statistical exploration of an ensemble are provided by CoSi [5]. The
Ensemble Similarity Explorer is an overview visualization and presents a summary of the similarity of the different materials
based on the contained features (i.e., pores or fibers). Through the dimension reduction method of Multidimensional Scaling
(MDS) an aggregation of the n-dimensional features is performed to a one-dimensional similarity value. According to this value,
the features are assigned a specific position in the row that represent their dataset affiliation. The smaller the difference of the
similarity values, the more similar are the features. Therefore, features that are positioned closer to each other are similar, while
features that are located further away from each other are more dissimilar. Furthermore, features that are located vertically
beneath or above each other are also similar. Since there are often hundreds to thousand features contained in a dataset, we
partitioned the rows into individual, uniform bins and encoded the number of features inside each bin in color. The interpretation
of the visualization is still valid: The closer the bins are located to each other, the more similar they are. Bins lying above
or below each other are also similar, therefore representing the same type of feature across all datasets. Through the similar
color distributions of the individual rows, groups of similar features or entire datasets can be identified at a glance (Figure 1
A). The ensemble similarity explorer provides a multitude of interaction techniques which are described in more detail in CoSi
[5]. The Similarity Widget is required, since it is not possible in the overview visualization to determine which characteristics
similar features share. Therefore, advanced detailed representations have been developed to facilitate the comparison of the
characteristics. A bar chart (Figure 1 B) displays all characteristics available for each particular feature. The height of the
bars entails the individual similarity values computed based on the empirical coefficient of variation. The empirical coefficient
of variation is a measure of descriptive statistics. It is a relative measure of variation and can be used to determine a series of
measurements [11]. In this visualization the higher a bar is pictured, the more similar are the features in this specific characteristic.
In the bar chart an expert is able to determine in which characteristics the features are similar, but it cannot be concluded to what
extent they are alike. To show the dispersion and skewness of the individual characteristics, a box plot is presented for each
characteristic (Figure 1 C). The box plots show the five-number summary, which consists of the minimum, the median, the first
and third quartiles and the maximum, for each individual characteristic [12]. To ensure that all box plots can be shown side-by-
side in one diagram, the values of the characteristics are mapped to the same interval of [0,1]. The Correlation Widget provides
a tool for the analysis of correlations. Based on the information gathered through the bar chart and box plot, it can now be of
interest in which characteristics the features resemble each other. A popular method to detect relations between characteristics is
the Pearson product-moment correlation coefficient. It describes the linear relation between two variables through a scalar value
in the interval [−1,1] (-1 = negative correlation, 0 = no correlation, 1 = positive correlation). In our framework the correlation
information is presented in a correlation map (Figure 1 D). Each vertex in the correlation map represents a characteristic and is
positioned in a way that characteristics that have a strong correlation are located closer to each other, while characteristics which
have no correlation are positioned further away from each other. The edges are color coded according to the type of correlation
using a discrete color scheme running from red (positive correlation), to white (no correlation), to blue (negative correlation).
This color scheme causes edges with weak or no correlation to become invisible, minimizing the problem of overlapping lines
and bringing important correlations into focus (for more details see [5]).

3.2 Development of Spatial Representations and Coordinated Interaction

Although it has been shown that human beings are better at understanding two-dimensional representations [13], the 3D nature
of the specimens as well as their features require to visualize respective data in its spatial representation for a holistic analysis.
Therefore, we provide an individual 3D representation for each dataset that is intended to be compared. Together they form the
context widget, a matrix of 3D views (Figure 1 E). The individual 3D views are arranged in the same order as the datasets in the
ensemble similarity explorer. The datasets at the uneven positions in the ensemble similarity explorer are drawn on the left side
of the matrix, while datasets on the even positions are located on the right side of the matrix. Since a considerable quantity of
data needs to be displayed at once, the features are rendered by model-based surfaces representation. The parameterized models
are chosen based on the features to be represented. Fibers are pictured as cylinders, while pores are displayed as ellipses. These
simplified depictions allow an approximated representation of the features and still allow a smooth visualization that can act and
react in real time. Furthermore, the combination and integration of coordinated interaction techniques was of importance. To
reduce the cognitive load experienced by the experts during an analysis to a minimum, all widgets are interlinked. Interactions and
selections in the ensemble similarity explorer are propagated to the other widgets in real time. For example, a selection of certain
bins in the ensemble similarity explorer (indicated through a green border around the chosen bins), will trigger a recalculation
of the computations in the respective 3D views, the similarity widget and the correlation widget. Merely the selected features
are then taken into account for the re-computation. In the context widget, the selected features are highlighted in red, while the
remaining features are set slightly transparent. Figure 2 shows the changes of the widgets when a selection was performed in the
ensemble similarity explorer.
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4 Use Cases

We demonstrate the applicability of our analysis system using two different use cases. The first shows the comparative analysis of
an in situ tensile test of short glass fiber reinfoced polymers. The second use case demonstrates the visual comparison of various
time-steps of a dry-out process of wet European beech wood. The combination of multiple coordinated views in our visualization
framework, allows users to obtain a comprehensive picture in multiple levels of detail about the similarity of numerous material
datasets. Using our tool, it was possible to quickly determine how the features changed during the in-situ test, as well as to
identify the transformations happening in the dry-out process.

4.1 Use Case - In Situ Tensile Testing of Short Glass Fiber Reinforced Polymers

For the investigation of strain and defect formation, interrupted in situ tensile tests were performed. The examined composite is
a short glass fiber reinforced polypropylene (hoomopolymer) with a fiber weight fraction of 24% (PPsGF24). The diameter of
the glass fibers is approximately 13 µm and the mean fiber length is around 470 µm. The specimen, that will be analysed in this
use case, had a notched geometry with a length of 30 mm and a narrowest cross section of 3x2 mm2. The main fiber orientation
of this NP test specimen is 0° (parallel to the direction of the applied force). The specimen was tensile tested in an interrupted
manner, which means that the specimen was loaded stepwise and a CT scan was performed at each load step. In our use case we
investigate the three datasets obtained during the in situ test of this notched specimen with a force of 0N, 328N and 405N. For the
computation of the similarity of the fibers we assigned each characteristic of the dataset the same importance for the calculation
of the MDS.
Figure 2 displays our visualization framework after a selection was performed in the ensemble similarity explorer (Figure 2 A).
In this widget we can analyse the similarity among the datasets 0N, 328N and 405N. When exploring the rows labelled 0N,
328N, we see that on the left side of the visualization the bins are light yellow, meaning that, there is only a small number of
fibers located in these bins. Dataset 405N contains even less fibers of this type as the leftmost bin is black, which symbolizes
that there exist no fibers at all at this position. Merely in the second bin from the left, a few fibers are located, shown in light
yellow. The majority of fibers in all three datasets lies in the middle of the rows. Looking toward the right side of the rows,
we can see that the number of fibers is decreasing again. Comparing the rightmost bins of the three datasets, we recognize that
the number of fibers in these bins increases during the in situ test, indicated by darkening coloring of the bins. To identfy the
characteristics of the fibers located on the left side of the rows, we selected these. In the context widget (Figure 2 B) we can see
that the chosen fibers are mostly located at the upper side of the specimen. There is only a small number of fibers of this type
present in dataset 405N. In the bar chart (Figure 2 C) we can see that the selected fibers are mostly similar in the characteristic
Curved Fibre and in their z-position RealZ1. The box plot shows the distributions’ characteristics of the selected fibers in green,
which are superimposed on the box plots showing the distributions’ characteristics of all fibers in all datasets. This visualization
tells us that the selected fibers have a smaller Volume, CurvedLength, SurfaceArea and StraightLength compared to all fibers, as
the green boxes are smaller and located lower than the grey boxes.
In the next step of the analysis we explore the characteristics of the most prominent type of fibers. Therefore, we first perform a
linear zooming with the mouse wheel in the ensemble similarity explorer (Figure 3 A). As a result the bins are reduced in size
and provide a more detailed view on the exact distributions of the fibers’ similarities. Through this action we can identify the two
darkest orange bins in all datasets which are lying vertically beneath each other. We select these bins to explore the characteristics
of the fibers located in them. In the context widget (Figure 3 B) we can see that this type of fibers is located in the middle and
lower region of the specimen. The bar chart (Figure 3 C) shows us that there is no particularly high similarity in any of the
characteristic. In the box plot the green box plots (Figure 3 D), representing the selected fibers are overlaid over the grey ones,
which describe the characteristics of all fibers in all datasets. We can see that the characteristics’ distributions of the selected
fibers is the same as the overall distributions. Hence, the majority of the fibers has a slightly greater Volume, CurvedLength,
SurfaceArea and StraightLength than the fibers we considered before in Figure 2.

4.2 Use Case - Drying Process of Wet Wood

Taylor et al. [14] analysed the shrinkage behavior of European beech wood, which is composed of fibers. Once wood starts to
dry out, voids lying between the fibers become larger and fuse together. The aim of this analysis was to investigate how much the
voids grow and merge over time. Therefore, the drying process of wet wood was investigated in situ with XCT. Further details
about the in situ test and the dataset generation can be found in the work by Taylor et al. [14]. The datasets analysed in this
use case were scans acquired after 20, 25 and 30 minutes of the dry-out process. The voids were extracted with the automatic
thresholding algorithm as described by [15]. For the calculation of the similarity of the fibers, we assigned the same importance
to each characteristic of the dataset for the calculation of the MDS.
Figure 4 shows our analysis framework in its initial state. The ensemble similarity explorer (Figure 4 A) clearly illustrates that
profound changes are present in the datasets. The first dataset 20min contains the least number of voids, while the number
increases in dataset 25min and becomes even more in dataset 30min. This situation is reflected by the darkening color scheme,
which visualizes a greater number of voids in a bin with a darker redder color. In the context widget (Figure 4 B), the para-
meterized representation of the voids can be seen for each dataset. When comparing the three 3D views, it becomes apparent,
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Figure 2: Selection of a group of outliers: (A) In the ensemble similarity explorer the leftmost fibers are selected. The number of
fibers of his type of fibers decreases during the in situ test, which can be seen as the coloring of the leftmost bins becomes black
and lighter yellow in dataset 405N. (B) In the context widget we recognize that the selected fibers are located at the upper regions
of the specimen. (C) The bar chart shows us that these fibers all have their z-position RealZ1 in common, and are therefore lying
closer together in the specimen. (D) In the box plot we perceive that the chosen fibers have a smaller Volume, CurvedLength,
SurfaceArea and StraightLength compared to all fibers contained in all datasets.

that the voids in the 20min dataset are narrower and more elongated than in the other two datasets. Dataset 25min and 30min

exhibit broader voids as well as a greater number of small, circular voids. The increase in voids in the similarity explorer, can
be validated in the context widget, where dataset 25min and 30min show much more small voids than dataset 20min. In the bar
chart (Figure 4 C) the overall measured similarity is highest in the characteristics Volume(Vx) and Volume, as these bars are the
highest ones. As the x-, y-, and z-position are rather dissimilar (small bars), we can derive, that the voids are distributed quite
evenly over the material. The box plot (Figure 4 D), indicates that the majority of voids is extremely small, since the boxes of
the box plot showing Volume(Vx) or Volume are very low in height and drawn at the lowest possible positionof the chart. The
characteristics Position Z, Position X and Position Y show a large box located in the middle of the scale. The assumption that the
voids are appear relatively evenly in the material are therefore confirmed, as the positions adopt very diverse values.

As a next step in the analysis process, we want to investigate to what extent the voids in the leftmost bins exhibit different
characteristics compared to the majority of voids located in the darker yellow and red bins at the middle and right side of the
ensemble similarity explorer. Therefore we select with the left mouse button the three leftmost bins of all three datasets in the
ensemble similarity explorer (Figure 5 A). The selection is visualized as a green border around the picked bins. The selection
activates the non-linear zooming function in the ensemble similarity explorer. In this state, an additional row emerges which
visualizes only the selected voids and therefore makes a more in depth-comparison of the individual voids in the supplementary
rows possible. When comparing the three additional rows, we can inspect that the selected voids are not very similar to each
other, since there exist quite large empty gaps between them. However, if they were similar, they would all be in close proximity
to each other. The context widget (Figure 5 B) highlights the selected voids in red and displays the remaining voids in grey
with a higher transparency. At a first glance at all 3D views, we can assume that the voids we selected are those that exhibit a
larger volume. The bar chart indicates that the characteristics have a higher similarity compared to the similarity of all fibers in
the datasets. The box plot also supports this assumption (Figure 5 D). The box plots displays the characteristics’ distributions
of the selected voids in green overlaid over the grey box plots showing the overall distributions of all voids. When considering
the distribution of the characteristics Dimension X, Dimension Y and Dimension Z of the selected voids, shown in green, we can
perceive that the boxes are higher compared to the grey ones. Therefore our assumption formed that the selected voids are the
bigger ones is confirmed.
In the last step of our analysis we want to inspect the characteristics that are exhibited by the majority of voids in the material.
These voids are of particular interest, as the number of this type of voids increases significantly during the dry-out process, as
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Figure 3: Selection of the most prominent group of fibers: (A) In the ensemble similarity explorer we can determine that after the
in situ test the number of the most prominent fibers has not changed significantly. The most orange bins in dataset 0N are equally
orange in the datasets 328N and 405N. (B) In the context widget we discover that the prominent group of fibers is located in the
middle and lower regions of the specimen. (C) The green bars in the bar chart indicate that the selected fibers do not have any
particular characteristic in common. (D) Through the box plot we notice that the majority of fibers has a slightly greater Volume,
CurvedLength, SurfaceArea and StraightLength than the fibers we considered in Figure 2.

can be seen in the ensemble similarity explorer (Figure 6 A). Therefore, we select the darkest bins in each dataset, which are also
lying exactly beneath each other. In dataset 20min we select the three darker yellow bins, in dataset 25min we select three orange
bins and in dataset 30min we select the three darkest red bins. Again, the selections are highlighted by a green border. Through
the non-linear zooming function, we can see that in the dataset 30min the number of voids is higher, indicated through the darker
yellow bins in the supplementary row. The context widget (Figure 6 B) visualizes the selected voids in red. Comparing the 3D
views, we can conclude that the majority voids in the material are very small and circular, and that the number of this type of
voids increases. The bar chart (Figure 6 C) indicates that this type of voids does not have many characteristics in common, since
the similarity is quite low for all characteristics. This is indicated by the low green bars. The box plot (Figure 6 D) confirms the
assumption that the majority voids is small, as the boxes of the characteristics showing the volume and all other dimensions are
again quite small and positioned very low in the chart.

5 Conclusion and Future Work

In this work we presented a visualization framework for the comparative analysis of multivariate data of fiber and pore materials.
Our visual analysis system incorporates various visualization techniques for a quantitative evaluation of several datasets and
provides a matrix of 3D views for the inspection of spatial commonalities. We presented two different use cases. First, we
compared three datasets obtained in an in situ tensile test of short glass fiber reinforced polymers. Second, we analysed three
datasets received from a drying-process of wet wood. In both cases, we were able to gain interesting insights into the data that
have not yet been possible using any other tool. In our visualisation framework, emphasis is currently put on the comparison of
selected features with all features of the ensemble. However, the comparison between the selected features themselves can also
provide new insight into the data. Therefore, in a next step, we will focus on comparing the selected features with each other.
This should help to discover more information about the dissimilarities among the features. Overall, our framework is more
suitable for visualising similarities among the features than dissimilarities. In the future, we will therefore explore in more detail
whether a clearer separation between similarity and dissimilarity views facilities the comparative analysis of many datasets.
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Figure 4: Initial state of the framework: The ensemble similarity explorer (A) shows the three different time-steps of the drying
process at 20min, 25min and 30min. The context widget (B) displays their paramterized representation in 3D. The bar chart (C)
and the box plot (D) demonstrate the similarity of the characteristics of the voids and their distributions.

Figure 5: Selection of the most dissimilar voids compared to the majority of voids: (A) The selection is performed in the ensemble
similarity explorer by picking the three left most bins, as indicated by the green borders. The non-linear zooming function is
activated, adding supplementary rows for a detailed inspection of the selected voids. (B) The context widget reacts in real time
to the selection and highlights the selected voids in red. In the bar chart (C) and the box plot (D) the green bar and the green box
plots representing the selected voids are superimposed on the grey bars and box plots, which display the overall similarity and
distributions.
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Figure 6: Selection of the majority of voids: (A) The selection is performed in the ensemble similarity explorer by picking the
three darkest bins of each dataset. (B) The context widget highlights the selected voids in red. We can see that the number of this
type of voids increases. The bar chart (C) indicates that the volume and other characteristics are quite dissimilar. The box plot
(D) confirm our hypothesis that the majority of voids is quite small and positioned evenly in the material.
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