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Detection of resin-rich areas for statistical analysis of fiber-reinforced polymer
composites

Xiang Li, Sara Shonkwiler, Sara McMains∗

University of California, Berkeley

Abstract

Resin-rich areas (a.k.a. resin-rich zones or resin pockets) are a common phenomenon in fiber-reinforced polymer

(FRP) composites that significantly impact composite material properties and failure initiation. Although

resin-rich areas can be intuitively observed from composite cross-sectional images, it is challenging to automate

identifying them due to the absence of an explicit definition of their boundaries. In this paper, a novel

algorithm is proposed to automatically identify resin-rich areas from composite cross-sectional images. We

apply the concept of alpha-hulls to formalize a mathematical definition of the boundaries of resin-rich areas,

and design an efficient process to compute the defined boundaries in seconds. This approach enables us to

provide statistical analyses to quantitatively summarize the identified resin-rich areas, such as the number of

separated areas and the histogram of their sizes. The rigorous mathematical definition of resin-rich areas and

ability to collect thorough statistics will facilitate better understanding and quantification of the relationship

between resin-rich areas and material properties.

Keywords: Resin-rich areas, Fiber-reinforced polymer, Microstructures, Microscope image processing.

1. Introduction

Fiber-reinforced polymers (FRPs), also called fiber-reinforced plastics, are a class of composite materials

consisting of a polymer matrix and fiber reinforcements. To characterize the microstructure of FRP composites,

one of the most common approaches is to analyze their cross-sectional images, which can be generated from

optical microscopy [1], scanning electron microscopy [2], or computed tomography [3].

Resin-rich areas, also known as resin-rich zones or resin pockets, are a common phenomenon in composite

materials that can be observed from their cross-sectional images (Fig. 1). Resin-rich areas refer to the areas of

the matrix material that are locally rich, or in other words, fibers are locally deficient. Resin-rich areas are an

important indicator for researchers to evaluate different properties of the composite material such as strength

[4], volume resistivity [5], toughness [4, 6], and failure strain [7].
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Resin-rich 
areas

Figure 1: An optical microscope image showing the transverse cross-section of an FRP composite. Fiber cross-sections appear as

light-colored circles and matrix/resin appears as gray-colored areas.

α-probe radius: 13 pixels

# of detected RRAs: 27

Avg RRA size: 4489 pixels

RRA size histogram:

Top 3 RRA sizes: 
(1) 31005 pixels
(2) 22050 pixels
(3) 16879 pixels

(a) (b) (c)
200µm

0.694µm/pixel in 
all images

Figure 2: Example algorithm output: (a) input cross-sectional image (1423*1623 pixels, a small subsection of the full microscope

image; subsection contains about 15,000 fiber cross-sections); (b) algorithm output image showing detected resin-rich areas (in

semi-transparent pink); (c) example statistics for detected resin-rich areas (RRAs). Please refer to Section 5.2 for more details.

Voids (or porosities) are also a major defect in FRP composites. Voids that exist within or attached to

resin-rich areas may have originally been resin-rich areas, for example, air entrapment in the resin-rich areas

generated while abrading and/or polishing the microscope sample surfaces [8]; and regardless, voids are more

similar to resin-rich areas than fibers because both are un-reinforced areas. In this paper, we define resin-rich

areas to include any voids, but our algorithm implementation is also able to identify and distinguish void

regions if desired.

Void pixels are simple to identify by image thresholding techniques based on their pixel intensities (much

darker in the examples shown). Resin-rich areas, on the other hand, depend not just on the presence of pixels

that are un-reinforced but also on the density of nearby fibers. Although humans can intuitively recognize

resin-rich areas from composite cross-sectional images, it is challenging to automate the identification due to

the absence of an explicit definition of their boundaries. Existing methods [7, 8, 9] are only able to provide

rough estimates of resin-rich areas for a restricted class of input, and are relatively slow (see Section 5.5).

In this paper, we propose a novel algorithm to automatically identify the precise boundaries of resin-rich
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areas from composite cross-sectional images (Fig. 2). By utilizing the concept of the α-hull, our method

mathematically defines and calculates the resin-rich areas from the input images containing arbitrary fiber

cross-section shapes. Our main contributions include:

• A mathematical approach to precisely define the boundaries of resin-rich areas based on the concept of

α-hulls.

• A robust and efficient method to calculate the α-hull from inputs of arbitrary shapes, not just point set

inputs, via the distance transform and morphological dilation operation.

• A novel end-to-end algorithm to automatically identify resin-rich areas from composite cross-sectional

images that is:

– flexible: handles fiber cross-sections of arbitrary shapes and sizes;

– fast: for high-resolution real-world microscopic images (approximately 18,000*10,000 pixels) with

about 1.15 million fiber cross-sections, calculates resin-rich areas in 3.5 seconds.

This paper is organized as follows. In Section 2, we review related literature regarding the importance

and calculation of resin-rich areas. Section 3 provides background for three concepts that will be used in

our algorithm: α-hulls, distance transforms, and morphological dilation. We then describe the details of

our algorithm and the procedure for calculating resin-rich areas from cross-sectional images in Section 4.

Experimental results are presented in Section 5. Finally, we provide our suggestions on future work in Section 6,

and conclude our paper in Section 7.

2. Related work

2.1. Resin rich areas’ relation to composite properties

In FRP cross-sectional images, fiber cross-sections are usually identifiable from their shapes and pixel

intensities, which enable us to analyze the geometric distribution of the fibers. Researchers have identified the

importance of analyzing the fiber geometry distribution, and its correlation to composite material properties

and failure initiations [10, 11, 12]. One of the most common phenomena in the cross-sectional images is

resin-rich areas, which are both easy to observe, and useful in the evaluation of material properties.

Yamashita et al. [5] demonstrate the relationship between resin-rich areas and volume resistivity of carbon-

fiber tape reinforced thermoplastics. Smaller, less-frequent resin-rich areas leads to a higher possibility of

contacting fibers, which improves the formation of electrically conductive paths, resulting in lower volume re-

sistivity. Sacchetti et al. [6] found a positive correlation between the toughness of unidirectional Carbon/PEEK

joints and the thickness of their resin-rich bond line areas. With a numerical approach, Ghayoor et al. [7]

demonstrated that composite materials with resin-rich areas have lower stiffness and failure strain, compared

to materials without resin-rich areas. According to a recent study by Ahmadian et al. regarding the failure
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response of carbon fiber reinforced polymers [4], although the presence of resin-rich areas does not significantly

impact material strength and toughness under tensile and shear loads, it greatly affects such material properties

under compressive loads.

Resin-rich areas may also indicate the edge/boundary of particular structures in the composites. For

example, in ultra-thin chopped carbon fiber tape reinforced thermoplastics, resin-rich areas occur at the edge

of the tapes [5]. In FRP 3D printed parts, resin-rich areas occur at the boundary between 3D printing layers.

Therefore we can use resin-rich areas as special patterns to help identify these corresponding structures (tapes

or 3D printing layers) in composite parts.

Since resin-rich areas have a close relationship to material properties and the aforementioned structures, it

is useful to have an efficient algorithm to calculate their sizes and locations.

2.2. Prior approaches to the detection of resin-rich areas

To calculate resin-rich areas from cross-sectional images, researchers have previously proposed algorithms

based on the geometric concept of Voronoi diagrams. The Voronoi diagram is a spatial tessellation method to

partition space into Voronoi cells corresponding to each input object such that any point inside the Voronoi

cell is closer to its corresponding object than any other object.

To estimate the locations of resin-rich areas, researchers [7, 8, 9] first recognize fiber cross-sections from

the FRP cross-sectional image, and then build a Voronoi diagram by treating centers of recognized fiber

cross-sections as input objects. Since there is exactly one fiber cross-section in each Voronoi cell, the local

“fiber volume fraction” inside each cell is Areafiber/Areacell, where Areacell is the size of the Voronoi cell

and Areafiber is the size of its corresponding fiber cross-section. Thus, if the fiber cross-section areas (Areafiber)

are assumed to be about the same size (which these Voronoi-based algorithms typically do assume), then large-

size Voronoi cells indicate local resin-rich areas (low fiber volume fraction areas). Large connected resin-rich

areas can then be detected by merging neighboring large-size Voronoi cells.

Yang et al. [9] uses Voronoi diagrams to characterize the non-uniform distribution of fiber cross-sections,

estimate the Voronoi cell sizes, and build a histogram of the estimated Voronoi cell sizes. Wide distribution

of Voronoi cell sizes in the histograms could be used to indicate the existence of resin-rich areas. Ghayoor et

al. [7] partition the cross-sectional image by the geometric dual structure of the Voronoi diagram (the Delaunay

triangulation), identify large sub-regions by thresholding, and merge neighboring large-size sub-regions to form

the resin-rich areas. Gommer et al. [8] tessellate the fiber bundle area into Voronoi cells, and calculate the local

fiber volume fractions inside each cell. This information is then used to visualize the local fiber densities among

the fiber bundle area and help people better distinguish the resin-rich areas. Although such Voronoi-based

approaches are able to provide a rough estimate of resin-rich areas, their applicability is limited because they

assume equally-sized circular fiber cross-sections, which is usually not the case in practice [4, 13, 14], and they

are orders of magnitude slower than our proposed approach based on α-hulls. Please refer to Section. 5.5 for

more detailed discussion and comparisons.
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2.3. The α-hull and its application

The α-hull, and its close relative, the α-shape, are powerful computational geometry concepts used to

delineate boundaries of densely distributed input points. Both α-hulls and α-shapes are widely utilized in

various science and engineering applications such as object reconstruction from 3D scanned data [15], which

reconstructs an object from finite sample points on its surface or/and interior space; and molecular shape

analysis [16], which determines the surface of protein molecules by treating the centers of their atoms as input

points. The computation of α-shapes from point set inputs is available in software packages such as MATLAB

[17] and CGAL [18].

However, for our application, we need to build α-hulls of fiber cross-sections that appear as arbitrary shapes

instead of points. Since the α-hull concept was primarily designed for point set inputs, very few studies focus

on the construction of the α-hull of arbitrary shapes. Several researchers have proposed algorithms to construct

α-hulls of simple primitive shapes like circles and spheres [19, 20], but those algorithms cannot handle arbitrary

shapes. It would be possible to implement a brute-force version of our approach that approximates α-hulls/α-

shapes by building on functions available in existing software packages such as the alphaShape() function in

MATLAB by treating each fiber cross-section pixel as an input point; however, this results in merely a pixel-

wise approximation and moreover the overall computation time is impracticably long (e.g. over 85 minutes for

each parameter choice for a real-world FRP cross-sectional image of 18,270*10,306 pixels; see Appendix B).

Therefore, a new algorithm is proposed to construct α-hulls from inputs of arbitrary shapes to identify

resin-rich areas.

3. Background

In this section, we review the background for three other geometric concepts that will be used in our

algorithm: α-hulls, distance transforms, and morphological dilation.

3.1. The concept of α-hull

The α-hull is a computational geometry concept invented by Edelsbrunner et al. in 1983 [21] that was

originally designed for point set inputs. In [22], Edelsbrunner and Mucke provide an intuitive description of

the three-dimensional α-hull:

“Think of R3 filled with Styrofoam and the points of S made of more solid material, such as

rock. Now imagine a spherical eraser with radius α. It is omnipresent in the sense that it carves

out Styrofoam at all positions where it does not enclose any of the sprinkled rocks, that is, point

of S. The resulting object will be called the α-hull.”

Analogous to this intuition, for the case of 2D cross-sectional images, we consider the fiber cross-sections

as the rocks, and the matrix area as the Styrofoam. We use a circular probe with a user-defined radius, α, to

move around the image without colliding with any of the fiber cross-sections (Fig. 3). The probe is called the
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α-probe, and the union of the areas that cannot be reached by the α-probe is the α-hull. Different sizes (α

values) of the α-probes lead to different shapes of the α-hulls.

α-probes

(a) (b) (c) (d)
Resin-rich 

area

α-hull

Figure 3: Schematic illustrations of α-hull and its relation to resin-rich areas. (a) input fiber cross-sections; (b) α-probe moving

around the space without colliding with any fiber cross-sections; (c) α-hull is the (gray) area that is inaccessible to the α-probe;

(d) The complementary area of the α-hull is the resin-rich area.

The α-hull thus identifies areas dense with fibers: the α-probe can not get into the α-hull without touching

one or more fibers. The complementary space of the α-hull (where the α-probe is able to access) represents the

areas where fibers are locally deficient. We thus mathematically define the resin-rich areas as the complementary

areas of the α-hull (Fig. 3(d)).

As discussed in Section 2.3, existing algorithms are unable to handle arbitrary shapes. Our algorithm

constructs the α-hull of arbitrary input shapes based on the distance transform operation and the morphological

dilation operation; therefore, we first review the concepts of distance transform and morphological dilation in

the following subsections, and then describe the details of our algorithm in Section 4.

3.2. Distance transform

The distance transform is an image processing operation applied to binary images [23]. Call a binary

image’s “1s” foreground pixels/regions and “0s” background pixels/regions (Fig. 4(a) and 4(c)). The distance

transform takes the binary image as the input, and returns a value for each pixel that is its distance to

the nearest background pixel (Fig. 4(b)). The background pixels will have values of zeroes in the distance

transform because they have zero distance to themselves; the foreground pixels will have values greater than

zero that reflect how far they are from the nearest background pixel. The distance transform is usually

visualized as a grayscale image where the pixel intensities show the corresponding distance values of each

pixel (Fig. 4(d)). Pixels farther from the background regions have higher distance values and therefore higher

intensities (brighter) in the grayscale image visualization of the distance transform.

3.3. Morphological dilation

Morphological dilation (usually denoted as ⊕) is a basic operation in mathematical morphology. As illus-

trated in Fig. 5, for any two arbitrary 2D shapes A and B, the morphological dilation of A by B is defined

as:
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1 0 1 1 1 1

0 0 0 1 1 1

1 1 1 1 1 1

1 1 1 1 1 1

1 1 1 0 0 1

1 1 1 0 0 1

Input Distance Transform

1 0 1 2 5 10

0 0 0 1 2 3

1 1 1 2 2 5

2 2 2 1 1 2

3 2 1 0 0 1

3 2 1 0 0 1

(a) (b)

(c) (d)

Figure 4: An example of the distance transform. The first row shows the matrix format: (a) the binary input and, (b) its distance

transform; the second row visualizes these matrices: (c) the (same) input and, (d) its distance transform.

A⊕B =
⋃
b∈B

Ab (1)

where Ab is the translation of A by b. The translation of A by b = (bx, by) is further defined as:

Ab = {c | c = a+ b, for all a ∈ A} (2)

where c = (cx, cy) = (ax + bx, ay + by) = a+ b.

The morphological dilation operation can be interpreted in a more intuitive way. From Fig. 5, if A is a

random shape and B is a circle with center Bc, the dilation of A by B (A ⊕ B) is the union of all the areas

covered by B when Bc moves inside A.

In mathematical morphology of 2D images, A is usually an input binary image, and B is usually defined

as a circle/probe that is called the structuring element.

4. Calculation of resin-rich areas

In this section, we describe how our algorithm automatically detects resin-rich areas from composite cross-

sectional images (Fig. 6). First, we convert the original input to a binary image that distinguishes fiber and

matrix regions (Section 4.1). We treat the fiber pixels as background pixels to build the distance transform of
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A

B

A⊕B

Figure 5: An example of the morphological dilation operation. Shape A is the blue square; structuring element B is the dashed

black circle; and the morphological dilation of A by B (A⊕B) is the union of the yellow and blue areas.

the binary image (Section 4.2). Finally, we construct the complementary areas of the α-hull from the distance

transform, which are our identified resin-rich areas (Section 4.3).

4.1. Image binarization

In the input cross-sectional images (Fig. 6(a)), we distinguish fiber and matrix regions by their pixel

intensities. Since the fiber pixels usually have much higher pixel intensities than the matrix pixels, we seg-

ment/binarize the image into fiber regions and matrix regions (Fig. 6(b)) using image thresholding techniques.

Since optical microscopy is the most widely-used and cost-efficient method to provide cross-sectional images

for inspecting resin-rich areas, we use optical microscope images (provided by a commercial manufacturer of

FRP composites) as inputs in our experiments.

In our implementation, we use Otsu’s method [24] to segment the input images. Otsu’s method is a global

thresholding method that determines the optimal threshold value by minimizing intra-class variance of the

thresholded fiber and matrix pixels. It performs well on high quality images. Since the input cross-sectional

images in our experiments are high resolution microscope images with little noise, Otsu’s method is suitable

for our analysis.

However, if the input images have relatively low quality, such as cross-sectional images from non-destructive

methods (for example, computed tomography), methods such as adaptive thresholding [25] or iterated con-

ditional modes [26] that are designed for thresholding noisy images might be necessary to provide better

segmentation results than Otsu’s method. If the input images have insufficient contrast between the fiber and

matrix regions, contrast enhancement techniques such as [27, 28] can be applied prior to this image binarization

step to maintain the effectiveness of the thresholding methods.

4.2. Distance transform calculation

After binarization, the image is denoised (Fig. 6(c)) because the distance transform is sensitive to noise.

There might be two forms of noise in the image: (1) isolated random image noise and (2) noise representing

impurities such as broken fiber debris and unexpected inclusions in the composite. Broken fiber debris and
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(a) (b) (c)

(d) (e) (f)

Probe size

Figure 6: Algorithm overview: (a) input microscope image; (b) binarized image; (c) clean image, noisy pixels are identified (in

red) and removed; (d) distance transform applied to image; (e) free space for the center of the α-probe (in white); (f) detected

resin-rich areas (in semi-transparent pink).

unexpected inclusions are treated as noise because they are not a substantial source of material strength

compared to complete fibers in continuous FRP composites. Noise pixels are eliminated by removing (fiber

or matrix) regions that have less than a threshold number of connected pixels. In this implementation, the

threshold is set as 15% of the nominal size of fiber cross-sections because the impurity sizes are relatively small

in the test images. This threshold should be tuned according to impurity sizes in the user’s input images.

The nominal size of fiber cross-sections can be determined (or estimated) using one of the following meth-

ods: (1) converting the real nominal size (if available) to pixel units using the resolution of the microscope;

(2) approximating the nominal size by calculating the mode size of the (circular) fiber cross-sections via cir-

cle detection methods such as [29]; or (3) estimating the nominal size of the fiber cross-sections by manual

observation. If the fiber cross-sections are not circular (for example, kidney shapes), the nominal size can be

estimated by calculating the mode size of their minimum enclosing circles. In our implementation, we used

method (1) since we knew the actual nominal size.

After removing the noisy pixels, we build the distance transform of the resulting binary image using the

algorithm described in [30] by setting matrix pixels as foreground and fiber pixels as background (Fig. 6(d)).

4.3. Construction of α-hull complement

Our mathematical definition (from Section 3.1) of resin-rich areas is the complementary areas of the α-hull,

or in other words, those areas that can be reached by the α-probe. Since the α-probe is a circle with a fixed

radius α, if the α-probe does not collide with any of the fibers (fiber pixels), the distance between the probe
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center pixel and its closest fiber pixel must be larger than the radius α.

In the distance transform, the distance value of each pixel is its distance to the closest fiber pixel. Pixels

with distance values greater than the α value are pixels where the α-probe center can be located without

colliding with the fibers. We call the union of such pixels the free space for the α-probe centers (Fig. 6(e)).

Finally, we implement the morphological dilation operation by setting the free space for the α-probe centers

as the input shape A, and the α-probe as the structuring element B. A⊕B gives us the union of all the areas

covered by the α-probe when its center moves inside the free space, thus matching our definition for resin-rich

areas(Fig. 6(f)).

5. Experimental results and discussion

As illustrated in Fig. 2, 7, 9, and 10, our proposed algorithm robustly detects resin-rich areas from test

images. In this section, the following experimental details and algorithm implementation are discussed: the

source of the data, resin-rich area statistics, α value choice, algorithm efficiency, and void defect detection.

Inputs

Detected resin-
rich areas

30µm 80µm 400µm

Figure 7: Experimental results of our algorithm. Detected resin-rich areas are shown in semi-transparent pink.

5.1. Data

In our experiments, 30 microscope cross-sectional images from FRP 3D printed parts are used in order to

test the proposed algorithm. The 3D-printed composite parts consist of Polyether ether ketone (PEEK) matrix

and unidirectional continuous carbon fibers with a nominal diameter of 7 µm, manufactured by Arevo Inc.’s

Aqua composite 3D printer [31, 32] using the direct energy deposition technique. Transverse cross-sectional

samples are taken from representative regions of the 3D-printed parts, and are polished by a Buehler Ecomet

250 polishing wheel with SiC grinding papers, achieving a surface roughness of 0.05 µm. Test images are

created using a high-resolution Keyence VHX6000 digital microscope (0.7 µm per pixel) on the polished cross-

sectional samples. We report the size of the test images and detected resin-rich areas in pixels, which can be
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easily converted to the physical lengths by considering the resolution of the microscope. The test images are

roughly 18,000 * 10,000 pixels and have about 1.15 million fiber cross-sections (see example in Fig. 8). In order

to clearly show the fiber cross-sections and the resin-rich areas, most figures have been cropped to only show

small representative portions of the original images. In the test images, the majority of the fiber cross-sections

are circular and close to the nominal size, but there are also a fair number of ellipses (misaligned fibers) and

other arbitrary shapes (deformed and broken fibers).

Figure 8: An example test image (top image: 18,270*10,306 pixels), the details of the fiber cross-section distributions and resin-rich

areas can be better observed by zooming in on local regions (bottom image).

5.2. Resin-rich area statistics

The mathematical definition and calculation of resin-rich areas enables us to further distinguish each of

the discrete resin-rich areas and summarize their statistics. The detected resin-rich areas from our algorithm

(Section 4) are represented as a collection of pixels. As shown in Fig. 9(a), each contiguous resin-rich region

with connected pixels is identified as a separate resin-rich area, which does not overlap or connect with other

resin-rich areas. MATLAB’s Image Processing Toolbox is used to label these different continuous regions from

calculated resin-rich area pixels, and provide their corresponding areas. Using this information, resin-rich area

statistics are calculated, such as the number of resin-rich areas, average resin-rich area size, and a histogram

of resin-rich area sizes (Fig. 2(c)). The resin-rich areas are sorted by size and the largest ones visualized

(Fig. 9(b)) as a reference for users. These statistics and visualizations facilitate better understanding of the

resin-rich areas, and open up the possibility to further explore their quantitative relationships to material

properties.

5.3. Selection of α value

It is critical to choose an appropriate α value because changing the α value changes the size and shape

of the resin-rich areas. As illustrated in Fig. 10, a smaller α value means a smaller α-probe, which is able to

freely move into smaller matrix regions and identify smaller resin-rich areas (Fig. 10(b)). When the α value
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(a)

(b)

1
2

3

4

5

(a) (b)

Figure 9: Discrete resin-rich areas are identified and labelled in different colors using our method. This method is able to output

and visualize: (a) all detected resin-rich areas, or (b) the largest resin-rich areas (top 5 in this case). The test image is the same

as shown in Fig. 2.

increases, only significant matrix regions will be identified as resin-rich areas. The number of resin-rich areas

decreases but the average resin-rich area size usually increases. A contiguous resin-rich area as identified using

a small α value might be identified as multiple disconnected resin-rich areas using a large α value. For example,

the middle light green resin-rich area in Fig. 10(b) is identified as multiple resin-rich areas under a larger α

value in Fig. 10(c) because some narrow regions in the light green resin-rich area are no longer accessible to

the larger α-probe. If the α value is comparatively large, the algorithm will fail to detect narrow resin-rich

areas, such as the resin seams.

The selection of the α value should also take into account the nominal radius (Rn, in pixels) of the fiber

cross-sections. In our experiments, setting the α value between Rn and 3Rn generally provides useful resin-rich

area detection results. Users are encouraged to select and test α values according to their research objectives.

For example, Ghayoor et al. demonstrated that the failure strain in high volume fraction materials is sensitive

to both large and small resin-rich areas [7]. For such research, a lower α value such as Rn is recommended

to obtain thorough statistics of both large and small resin-rich areas. If the research aims to detect resin-rich

seams/lines [6], a lower α value (Rn) is able to detect such narrow resin-rich patterns. On the other hand, if

the research focuses on detecting and visualizing major resin-rich areas, a higher α value (such as 2.5Rn or

3Rn) is recommended.

5.4. Algorithm efficiency

Our algorithm was implemented in MATLAB (version R2020a 9.8.0) and run on a laptop with an Intel®

Core™ Processor i7-8550U CPU with 16GB RAM. In order to understand the running time of the algorithm

with different input image sizes, square-shape testing images were cropped from the original microscope cross-

sectional images. Fig. 11 shows the computation time of the algorithm for different test image sizes ranging

from 1,000*1,000 to 10,000*10,000 pixels (α is set to Rn, 5 pixels).

As shown in Fig. 11, all of these test examples are efficiently handled in less than 2 seconds. Consistent with
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α-probe radius: 10 pixels

# of detected RRAs: 14

Avg RRA size: 7304 pixels

RRA size histogram:

Top 3 RRA sizes: 
(1) 88957 pixels
(2) 8670 pixels
(3) 3241 pixels

α-probe radius: 15 pixels

# of detected RRAs: 7

Avg RRA size: 13382 pixels

RRA size histogram:

Top 3 RRA sizes: 
(1) 78573 pixels
(2) 7151 pixels
(3) 4584 pixels

α-probe radius: 5 pixels

# of detected RRAs: 406

Avg RRA size: 514 pixels

RRA size histogram:

Top 3 RRA sizes: 
(1) 120054 pixels
(2) 3341 pixels
(3) 3303 pixels

(a) (b)

(c) (d)

150µm

Figure 10: Changing the α value results in different detected resin-rich areas (RRAs). (a) input image, the nominal diameter of

the fibers is 7 µm (10 pixels); (b) α = 5 pixels (equals to the nominal radius Rn); (c) α = 10 pixels (2Rn); (d) α = 15 pixels

(3Rn). In the figure, different colors indicate disconnected resin-rich areas.

our time complexity analysis (see Appendix A for details), the computation time of the whole algorithm or any

of the three primary steps has a quadratic relationship to the side length (width or height) of the square-shaped

test images. Regardless of image shape, the computation time of our algorithm has a linear relationship to the

image area (width * height), so even for much larger images than those tested, the algorithm will run quickly.

The average computation time on our experimental real-world full-size images (30 images with sizes around

18,000*10,000 pixels) is 3.38 seconds (ranging from 3.18 to 3.61 seconds). Calculating the distance transform

is the most computationally expensive step in the algorithm, taking about 90% of the total computation time.

5.5. Comparison to Prior Approaches

For comparison, we implemented a Voronoi-based approach to resin-rich area detection [7, 9, 8]. These

previous approaches require first determining the centers of fiber cross-sections; we do so using a more accurate

watershed-segmentation based fiber recognition algorithm [33]. We then construct their Delaunay triangulation

(the dual structure of the Voronoi diagram) and merge large-size triangles (those whose areas exceed a user-

defined threshold) to form the detected resin-rich areas, as described in [7].

Experimental output of the resin-rich area detection on real-world inputs contrasting the Voronoi-based

approach to our method is shown in Fig. 12. Compared to the Voronoi-based approaches, our method has

advantages in terms of accuracy, efficiency, and applicability, as explained below.
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Figure 11: Computation time of the algorithm with different input image sizes. Square-shape images with sizes from 1000*1000

to 10000*10000 are tested. The α value is set as the nominal fiber radius Rn (5 pixels).

Accuracy: One major shortcoming of using the Voronoi diagram concept to detect resin-rich areas is

that although large-size Voronoi cells do indicate resin-rich areas, the reverse is not always true: resin-rich

areas are not necessarily related to large-size cells in the Voronoi diagram, which means that small-size cells

may also exist in the actual resin-rich areas. However, in the Voronoi-based approaches, such cells will be

mis-classified as non-resin-rich areas, which leads to a mis-identification of large continuous resin-rich areas as

series of smaller discrete resin-rich areas, regardless of parameter selection (Fig. 12 first row). By comparison,

our method is able to accurately identify resin-rich areas in any situation.

Efficiency: on average, to detect resin-rich areas under each predefined parameter, the Voronoi-based

approach takes 574 seconds per image. In comparison, our method only needs 3.46 seconds on average.

Applicability: Voronoi-based approaches assume equally-sized circular fiber cross-sections, which limits

their applicability since fiber cross-sections can also appear as circles with varying sizes, ellipses, or even

irregular shapes [4, 13, 14]. For example, Ahmadian et al. [4] state that instead of circular cross-sections of

similar size, fibers in FRP composites in automotive applications have elliptical cross-sections whose sizes vary

considerably. In comparison, our method is able to handle fiber cross-sections of arbitrary shapes and sizes,

correctly calculating their resin-rich areas (Fig. 12 second row).

5.6. Void defect detection

In FRP composites, voids (or porosities) are also an important type of defect that has substantial influence

on a wide range of material properties [34]. Voids appear as near-black regions in the FRP cross-sectional

images, so they can be distinguished from fiber and matrix regions based on their pixel intensities. As an

additional feature, along with resin-rich matrix areas, our implementation includes the option to differentiate

void regions (Fig. 13). With this option, we modify the image binarization step (Section 4.1), applying
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Figure 12: Experimental outputs of resin-rich area detection by the Voronoi-based approach and our method. From left to right:

input images; Voronoi-based approach with a low threshold; Voronoi-based approach with a high threshold; our method.

Otsu’s thresholding method [24] to automate segmenting input images into three levels (voids, fibers, and

matrix) instead of two levels (fibers and non-fibers). In this three-level thresholding, Otsu’s method automates

determining the threshold values by minimizing the intra-class variance of the thresholded void, fiber, and

matrix pixels. This void detection process takes an average of an additional 0.45 seconds per input image.

Figure 13: Input images (left) and void regions detected by our algorithm (right).

Since the major focus of this research is on the identification and quantification of structurally weak areas,

although our implementation is also able to further distinguish void regions (from matrix resin-rich areas), we

do not distinguish between them in other example figures throughout this paper.
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6. Discussions and future work

In this research, we focus on transverse cross-sectional images of unidirectional continuous FRP composites.

Future work includes extending this method to other continuous-FRP-based structures (such as laminated

structures or woven structures) and short-fiber reinforced polymers. In continuous-FRP-based structures, fibers

appear in bundles [8], within which the fiber cross-sections have similar orientation/ellipticity. This enables one

to transform each fiber bundle to its transverse orientation and detect its resin-rich areas accordingly. For short-

fiber reinforced polymers, 2D cross-sectional images do not provide sufficient information for understanding

their microstructures. Extending the current method from 2D to 3D, employing 3D α-hulls, one could then

detect resin-rich areas directly on 3D scans of short-fiber reinforced polymers.

The mathematical definition we introduced in this research will facilitate better understanding and quantifi-

cation of the relationship between resin-rich areas and material properties. One intriguing direction to explore

is using the detailed quantitative characterization of resin-rich areas as input features for machine learning

models that could predict material strength, volume resistivity, toughness, or failure strain. For example, the

geometric distribution of the resin-rich areas could form the basis for shape descriptors [35] to be used as input

features in machine learning models. Alternatively, the resin-rich area size histograms (shown in Fig. 10) can

be treated as input features in histogram-based machine learning models such as [36].

7. Conclusions

This paper presents a novel algorithm to automatically calculate resin-rich areas from composite cross-

sectional images. Resin-rich areas are mathematically defined as the complementary areas of the fiber material’s

α-hull, and are efficiently calculated via the distance transform and morphological dilation operations. Detected

resin-rich areas are further separated into disconnected regions from which a statistical summary can be derived.

The proposed algorithm successfully handles real-world FRP cross-sectional images with fiber cross-sections of

arbitrary shapes and sizes. The computation time of the algorithm has a linear relationship to the image area.

The algorithm is able to calculate resin-rich areas from high-resolution microscope images (18,000*10,000

pixels), which contain more than 1.15 million fiber cross-sections, in less than 3.5 seconds. The detailed

quantification and statistical analysis of resin-rich areas enabled by this algorithm in turn opens up many

future directions for related research in formulating the relationship between material properties and the sizes,

locations, and morphologies of resin-rich areas.
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Appendix A. Time complexity analysis

Here we demonstrate that the computation time of our algorithm in practice has a linear relationship to

the area (n by m pixels) of the input image.

As described in Section 4, there are three major steps in our algorithm: image binarization, distance

transform calculation, and morphological dilation calculation. Given an input image of size n by m pixels and

probe radius of α, the run-time complexity of the three steps are as follows.

In the image binarization step, Otsu’s method [24] is implemented, which has a time complexity O(nm+

Np
2), where Np is the number of pixel intensities. Since Np is generally a constant of 256 for most digital images,

the time complexity of image binarization becomes O(nm). In void defect detection (Section 5.6), instead

of the two-level binarization, three-level thresholding by Otsu’s method is utilized, with a time complexity

O(nm + Np
3). Similarly, Np is a constant for most digital images, therefore the time complexity of void

detection is also O(nm).

In the distance transform operation, the algorithm proposed by Maurer et al. [30] is applied. It is a linear

time algorithm with regards to the size (number of pixels) of the input image. So the running time complexity

of this step is also O(nm).

Figure A.14: Computation time of morphological dilation with different α values. The input image size is 5,000*5,000 pixels.

In the morphological dilation operation, the naive implementation has a time complexity O(nmα2), relating

to both the size of the input image and the probe size α. However, in our implementation by using optimization

methods [37, 38] and due to the fact α is much smaller than n and m, the morphological dilation operation

time is nearly independent of the α value (Fig. A.14). So the running time of this step is also linear in (nm)

in practice, only depending on the size of the input images.

Since the first two steps in the algorithm have time complexity O(nm), and the third step is also linear in

(nm) in practice, the overall computation time of our algorithm in practice has a linear relationship to the size

of the input image (nm).
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Appendix B. Comparison to pixel-wise approximation

A possible alternative (approximate, pixel-wise) approach would be to identify resin-rich areas by applying

the concept of α-shapes. Similar to α-hulls, α-shapes can be used to approximate the areas that can not

be accessed by the α-probe. Since the computation of α-shapes from point set inputs is available in many

software packages, a variation of our algorithm could detect resin-rich areas by approximating each fiber pixel

(identified as described in Section 4.1) as an input point, building the α-shape of such input points using

available software packages such as MATLAB or CGAL (replacing Section 4.2 and 4.3), and computing its

complement. We implemented this alternative pixel-wise approximation method building on the alphaShape()

function in MATLAB. However, compared to our proposed α-hull method, this pixel-wise approximation

method is orders of magnitude slower (Table B.1). For example, for the real-world high-resolution image of

Image size (pixels) Computation time (pixel-wise) Computation time (ours)

2000*2000 14.28s 0.08s

4000*4000 59.56s 0.29s

6000*6000 161.43s 0.65s

8000*8000 463.16s 1.24s

10000*10000 2429.20s 1.83s

18270*10306 (real-world size) 5116.26s (85.27min) 3.46s

Table B.1: Computation time comparison (for each choice of α) between the pixel-wise approximation and our proposed α-hull

method.

18,270*10,306 pixels it took over 85 minutes, while our proposed linear-time α-hull method takes less than 3.5

seconds. Furthermore, the computation time in Table B.1 is for each single choice of α. In practice, users

may wish to explore different α values to find the one most suited to their research objectives or to collect

additional statistics.
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[22] H. Edelsbrunner, E. P. Mücke, Three-dimensional alpha shapes, ACM Transactions on Graphics (TOG) 13 (1) (1994) 43–72.

doi:10.1145/174462.156635.

[23] R. Fabbri, L. D. F. Costa, J. C. Torelli, O. M. Bruno, 2D Euclidean distance transform algorithms: A comparative survey,

ACM Computing Surveys (CSUR) 40 (1) (2008) 1–44. doi:10.1145/1322432.1322434.

[24] N. Otsu, A threshold selection method from gray-level histograms, IEEE Transactions on Systems, Man, and Cybernetics

9 (1) (1979) 62–66.

[25] A. K. Jain, M.-P. Dubuisson, Segmentation of X-ray and C-scan images of fiber reinforced composite materials, Pattern

Recognition 25 (3) (1992) 257–270. doi:10.1016/0031-3203(92)90109-V.

19

http://dx.doi.org/10.1016/j.compositesa.2018.02.035
http://dx.doi.org/10.1016/j.compositesa.2018.11.016
http://dx.doi.org/10.1016/j.compositesa.2018.11.016
http://dx.doi.org/10.1016/j.compositesa.2016.04.019
http://dx.doi.org/10.1002/pc.750150108
http://dx.doi.org/10.1016/0167-6636(93)90010-O
http://dx.doi.org/10.1016/S0266-3538(98)00122-5
http://dx.doi.org/doi.org/10.1016/j.compscitech.2008.08.032
http://dx.doi.org/10.1016/j.compstruct.2018.06.028
http://dx.doi.org/10.1016/j.compstruct.2019.111369
http://dx.doi.org/10.1016/j.compstruct.2019.111369
http://dx.doi.org/10.1142/S0218195999000236
http://dx.doi.org/10.1002/prot.22301
https://doc.cgal.org/5.2.1/Manual/packages.html
https://doc.cgal.org/5.2.1/Manual/packages.html
http://dx.doi.org/10.7315/JCDE.2014.008
http://dx.doi.org/10.7315/JCDE.2014.008
http://dx.doi.org/10.1016/j.cad.2006.07.002
http://dx.doi.org/10.1109/TIT.1983.1056714
http://dx.doi.org/10.1145/174462.156635
http://dx.doi.org/10.1145/1322432.1322434
http://dx.doi.org/10.1016/0031-3203(92)90109-V


[26] J. Besag, On the statistical analysis of dirty pictures, Journal of the Royal Statistical Society: Series B (Methodological)

48 (3) (1986) 259–279. doi:10.1111/j.2517-6161.1986.tb01412.x.

[27] T. Arici, S. Dikbas, Y. Altunbasak, A histogram modification framework and its application for image contrast enhancement,

IEEE Transactions on Image Processing 18 (9) (2009) 1921–1935. doi:10.1109/TIP.2009.2021548.

[28] M. Abdullah-Al-Wadud, M. H. Kabir, M. A. A. Dewan, O. Chae, A dynamic histogram equalization for image contrast

enhancement, IEEE Transactions on Consumer Electronics 53 (2) (2007) 593–600. doi:10.1109/TCE.2007.381734.

[29] T. J. Atherton, D. J. Kerbyson, Size invariant circle detection, Image and Vision Computing 17 (11) (1999) 795–803. doi:

10.1016/S0262-8856(98)00160-7.

[30] C. R. Maurer, R. Qi, V. Raghavan, A linear time algorithm for computing exact Euclidean distance transforms of binary

images in arbitrary dimensions, IEEE TPAMI 25 (2) (2003) 265–270. doi:10.1109/TPAMI.2003.1177156.

[31] D. Zhang, N. Rudolph, P. Woytowitz, Reliable optimized structures with high performance continuous fiber thermoplas-

tic composites from additive manufacturing (AM), in: International SAMPE Technical Conference, 2019. doi:10.33599/

nasampe/s.19.1396.

[32] H. Wu, S. D. Kim, C. M. Yee, W. P. Fahy, Z. August, Z. Liu, J. H. Koo, Ablation performance of 3D printed continuous

carbon fiber-reinforced PEEK, in: AIAA Scitech 2021 Forum, 2021, p. 0535. doi:10.2514/6.2021-0535.

[33] X. Li, S. Shonkwiler, S. McMains, Fiber recognition in composite materials, in: 2021 IEEE International Conference on

Image Processing (ICIP), To appear, Aug 2021.

[34] M. Mehdikhani, L. Gorbatikh, I. Verpoest, S. V. Lomov, Voids in fiber-reinforced polymer composites: A review on their

formation, characteristics, and effects on mechanical performance, Journal of Composite Materials 53 (12) (2019) 1579–1669.

doi:10.1177/0021998318772152.

[35] I. K. Kazmi, L. You, J. J. Zhang, A survey of 2d and 3d shape descriptors, in: 2013 10th International Conference Computer

Graphics, Imaging and Visualization, IEEE, 2013, pp. 1–10. doi:10.1109/CGIV.2013.11.

[36] A. Zeynalova, B. Kocak, E. S. Durmaz, N. Comunoglu, K. Ozcan, G. Ozcan, O. Turk, N. Tanriover, N. Kocer, O. Kizilkilic,

et al., Preoperative evaluation of tumour consistency in pituitary macroadenomas: a machine learning-based histogram

analysis on conventional t2-weighted mri, Neuroradiology 61 (7) (2019) 767–774. doi:10.1007/s00234-019-02211-2.

[37] M. Van Herk, A fast algorithm for local minimum and maximum filters on rectangular and octagonal kernels, Pattern

Recognition Letters 13 (7) (1992) 517–521. doi:10.1016/0167-8655(92)90069-C.

[38] X. Zhuang, R. M. Haralick, Morphological structuring element decomposition, Computer Vision, Graphics, and Image Pro-

cessing 35 (3) (1986) 370–382. doi:10.1016/0734-189X(86)90006-X.

20

http://dx.doi.org/10.1111/j.2517-6161.1986.tb01412.x
http://dx.doi.org/10.1109/TIP.2009.2021548
http://dx.doi.org/10.1109/TCE.2007.381734
http://dx.doi.org/10.1016/S0262-8856(98)00160-7
http://dx.doi.org/10.1016/S0262-8856(98)00160-7
http://dx.doi.org/10.1109/TPAMI.2003.1177156
http://dx.doi.org/10.33599/nasampe/s.19.1396
http://dx.doi.org/10.33599/nasampe/s.19.1396
http://dx.doi.org/10.2514/6.2021-0535
http://dx.doi.org/10.1177/0021998318772152
http://dx.doi.org/10.1109/CGIV.2013.11
http://dx.doi.org/10.1007/s00234-019-02211-2
http://dx.doi.org/10.1016/0167-8655(92)90069-C
http://dx.doi.org/10.1016/0734-189X(86)90006-X

	Introduction
	Related work
	Resin rich areas' relation to composite properties
	Prior approaches to the detection of resin-rich areas
	The -hull and its application

	Background
	The concept of -hull
	Distance transform
	Morphological dilation

	Calculation of resin-rich areas
	Image binarization
	Distance transform calculation
	Construction of -hull complement

	Experimental results and discussion
	Data
	Resin-rich area statistics
	Selection of  value
	Algorithm efficiency
	Comparison to Prior Approaches
	Void defect detection

	Discussions and future work
	Conclusions
	Time complexity analysis
	Comparison to pixel-wise approximation



