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Abstract: Automatic skin layer segmentation in optical coherence tomography (OCT) images
is important for a topographic assessment of skin or skin disease detection. However, existing
methods cannot deal with the problem of shadowing in OCT images due to the presence of hair,
scales, etc. In this work, we propose a method to segment the topmost layer of the skin (or the
skin surface) using 3D graphs with a novel cost function to deal with shadowing in OCT images.
3D graph cuts use context information across B-scans when segmenting the skin surface, which
improves the segmentation as compared to segmenting each B-scan separately. The proposed
method reduces the segmentation error by more than 20% as compared to the best performing
related work. The method has been applied to roughness estimation and shows a high correlation
with a manual assessment. Promising results demonstrate the usefulness of the proposed method
for skin layer segmentation and roughness estimation in both normal OCT images and OCT
images with shadowing.
© 2018 Optical Society of America under the terms of the OSA Open Access Publishing Agreement
OCIS codes: (100.2000) Digital image processing; (100.2960) Image analysis; (100.6890) Three-dimensional image
processing; (110.4500) Optical coherence tomography; (170.1870) Dermatology.
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1.

Introduction

Skin is the outer covering of the body and is composed of two major layers, namely the epidermis
and the dermis. Diagnosis of many skin diseases can be performed by detecting abnormalities in
these two layers. The gold standard for detecting abnormalities has been a histological analysis
which involves biopsy [1]. Due to the invasive nature of biopsy, researchers are looking into
non-invasive methods for skin analysis. A suitable non-invasive method relies on an imaging
modality with the optimum resolution and penetration depth. Ultrasound is an imaging modality
which has a high penetration depth of approximately 15mm but a resolution of only around
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30 µm [2]. This precludes its use in the vast majority of skin conditions as the pathological
features cannot be visualised at this low resolution. Confocal microscopy has a high resolution of
0.5 µm-1 µm but it can penetrate only up to 0.2mm [3]. On the other hand, optical coherence
tomography (OCT) has a resolution up to 1 µm and penetration depth of around 1mm which is
adequate for the analysis of most skin conditions [4].
OCT imaging is performed by correlation of a reference light beam with the light beam
backscattered from the sample tissue [5]. Resultant signals constitute an A-scan. Multiple A-scans
combine laterally to form a B-scan which is a 2D image. A 3D-OCT volume is captured as a series
of B-scans corresponding to adjoining locations. With the development of OCT technology, it has
found applications in dermatological applications such as detecting tumors and inflammations.
Moreover, being non-invasive, the same site can be imaged repeatably allowing quantification
of skin changes and effectiveness of treatments [3]. In spite of these benefits of OCT, its utility
has been limited by manual analysis which is prone to be subjective and labor intensive (since
there are typically more than 100 B-scans in one 3D-scan). As an example, consider epidermal
thickness (ET) measurement for assessing skin health, aging, and photodamage [6]. To determine
ET from a 3D-OCT volume, typically dermatologists select the best quality B-scan from the
entire volume. On this B-scan, they measure ET at a predefined number of locations using a
software tool which has a ‘ruler’ [7]. An average of ET over these locations gives the mean ET.
Such manual estimation of ET may be less accurate due to use of a single representative B-scan
and can be highly subjective.
Computerized analysis, on the other hand, can overcome these limitations of manual analysis
and broaden the usability of OCT systems. One of the important components in the computerized
analysis of skin OCT volumes is automatic skin layer segmentation. This is important since there
are certain skin conditions which are observed in specific layers. The major layers of the skin are
the epidermis and the dermis (Fig. 1).
There have been fewer works on skin layer segmentation but layer segmentation has been
researched fairly well for retina with many works using graph theory. Graph-based methods
are either 2D (segmenting each B-scan separately) [8] or 3D (segmenting the whole volume at
once) [9, 10]. The 2D methods for retinal layer segmentation mainly used gray level intensity
gradients [11] for the task. However, these 2D methods could not utilize the context information
available from the adjacent B-scans thereby leading to 3D graph-based methods.
3D graph-based methods especially became popular after the work of K. Li et al. [12] who
proposed a general 3D graph-based surface segmentation method. Their method was applied
by many works on retinal layer segmentation [13–15]. However, these works used only the
gradient information which may be affected by speckle noise. To deal with this limitation, [16]
introduced texture information into the segmentation process and improved the performance.
Further development of 3D-graph-based methods led to retinal layer segmentation for diseased
cases also [17, 18]. These methods cannot be directly applied to skin OCT images because of
a difference in image quality. Skin OCT images are usually of inferior quality as compared to
retinal OCT images due to various factors such as speckle noise [19], scattering, opacity and
limited light penetration. These factors make it difficult to locate layer boundaries.
There have not been many works on skin layer segmentation. Skin layer segmentation may
involve segmenting the skin surface and the DEJ (Fig. 1). In order to segment the DEJ, segmenting
the skin surface first may be helpful in providing a constraint for DEJ segmentation. In this
work, we deal with skin surface segmentation only and show its application for skin roughness
measurement. Among the few works on skin surface segmentation, Weissman et al. [6] used
shapelets to segment the skin surface. Shapelets analysis correlates an image with a kernel which
is in the form of basic image shapes. Shapelets used in [6] were damped Gaussian-like shapelets
applied at different scales. Hori et al. [20] used intensity values for skin surface segmentation. To
detect the skin surface, intensity peaks were computed for all the A-scans. These peaks formed
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Fig. 1. (Best viewed in color) Epidermis and dermis are two of the major layers of the
skin. In the figure, epidermis is bounded by the skin surface (green line) from above and
dermo-epidermal junction (DEJ, red line) from below.

a surface which was further smoothened to yield the skin surface. A. Li et al. [21] employed
a graph-based method for skin surface segmentation. They used vertical intensity gradients to
formulate the cost function for their method. This cost function was used with a graph-search
algorithm to segment out the skin surface in a B-scan. Yow et al. [22] used a graph-based method
for skin surface segmentation in a B-scan. They also used vertical image gradients to define costs
for each pixel. Then the path with the lowest cost was searched and it corresponded to the skin
surface. They used their skin surface segmentation method for surface roughness estimation.
The existing works on skin surface segmentation may work well for good quality images
where there is a strong image gradient at the skin surface. However, if the imaged site contains
structures such as hair or scales, these structures can be mistaken as the surface itself. Moreover,
these structures block the incident light from reaching the skin beneath them and causes shadows
in the OCT images (Fig. 2). We refer to these problems as ‘shadowing’ in the text to follow.
1.1.

Our contribution

In this paper, we propose a 3D graph-based method for skin surface segmentation in high
definition (HD)-OCT images. Our main contributions are as follows:
• To deal with shadowing in OCT images and to use the existing graph-based methods for
skin layer segmentation, we propose a novel cost function to be used with the segmentation
algorithm. The cost function uses both the intensity gradients (edge-based cost) and
uniformity of the regions surrounding the surface (region-based cost). The proposed
method is different from the retinal layer segmentation methods which cannot be directly
applied to skin OCT images since skin OCT images are of inferior quality as compared to
retinal OCT images (Section 1).
• We use a 3D method instead of existing 2D methods for skin surface segmentation. A
3D method uses the context information across the neighboring B-scans which the 2D
methods cannot utilize. Using this context information helps in improving the segmentation
performance (Section 4).
• We apply the proposed method to skin roughness measurement. Based on the surface
segmentation, we compute two parameters related to skin’s roughness, namely the furrow
depth and the furrow density. The values of these parameters correlate well with the manual
ground truth. Measuring skin roughness is useful in dermatological practice to monitor the
effectiveness of skin treatments such as scar management therapies [23] and application of
moisturizing agents [24]. Skin roughness has also been found to be associated with skin
aging [25]. The proposed method will help dermatologists by giving them a faster and
more reliable alternative to manual analysis of the skin.
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Fig. 2. Upper row shows example of cases where skin layer segmentation is difficult. Such
cases constitute the dataset SD2 (Section 4.1) (i) Upper arrow shows hair while lower arrow
shows the dark region below hair. (ii)-(iv) also show similar cases of shadowing. (v)-(viii)
show examples of B-scans from SD1 which do not suffer from shadowing (Section 4.1)

Fig. 3. A flowchart of the proposed approach for skin surface segmentation and roughness
estimation.

2.

Skin surface segmentation

The flowchart of the proposed approach is given in Fig. 3. Given an HD-OCT volume, a 3D
node-weighted directed graph was formed representing the HD-OCT volume. The skin surface
corresponded to a surface in this graph. Before computing the cost of each node in the graph, each
B-scan in the volume was preprocessed to improve the visibility of the layers. After preprocessing,
the cost of each node in the graph was computed. The cost functions were designed in such a
way that the surface corresponding to the actual skin surface should have the minimum cost.
Segmenting out this surface was modeled as a problem of finding the minimum cost closed set in
the graph [12]. This problem was solved using the standard max-flow/min-cut algorithm [26].
Once the skin surface was segmented out, the OCT volume was analyzed to determine the
roughness of the skin surface.
2.1.

Notations and definitions

Let each B-scan be along the x-y plane and the successive B-scans in a volume stack in the
z-direction (Figure 3, input). Following are the major notations and terms used in the text
henceforth. Other notations will be defined as required.
• Nx and Ny : Size of a B-scan along x and y directions respectively.
• Nz : Number of B-scans in the OCT volume.
• I(x, y, z): 3D image representing the OCT volume with I(x, y, z) being the intensity at a
voxel (x, y, z). Here x ∈ x = {0, 1, 2, ...., Nx }, represents the voxel indices along the x-axis.
Similarly, y and z are defined.
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Fig. 4. (Best viewed in color) The neighborhood used in forming the 3D graph is illustrated
for the case when ∆y = 2 and ∆z = 1. The spheres represent the voxels of the graph.
Neighbors for the voxel in green are shown in red. Note that in order to avoid clutter, the
edges are not drawn.

• G = (V, E): 3D graph representing the HD-OCT volume. V denotes the nodes while E
denotes the edges of the graph.
• V(x, y, z): Node in G corresponding to the voxel (x, y, z).
• Column: Set of nodes with same (x, z) values. In the context of a B-scan, a column refers
to all pixels with the same value of x.
• Base layer: Set of all nodes corresponding to y = 0.
• C: A closed set C is the set of all those nodes such that the successors of each node in C
are also contained in C.
• ∆y, ∆z : Parameters determining smoothness of the layer along y (within a B-scan) and z
(across adjacent B-scans) directions respectively.
• c(x, y, z): Cost function for a voxel (x, y, z). cZ (x, y) is the cost function for a B-scan located
at z =Z.
• w(x, y, z): Weight assigned to the node V(x, y, z).
2.2.

Graph formation

The OCT volume was represented as a 3D graph with each node corresponding to a voxel in
the volume. This means there were Nx × Ny × Nz nodes in the graph. Each node was connected
to its neighboring nodes through edges. In this work, the node V(x, y, z) was connected to
V(x − 1, y − ∆y, z), V(x + 1, y − ∆y, z), V(x, y − ∆y, z − ∆z ) and V(x, y − ∆y, z + ∆z ). Here, ∆y
and ∆z are the smoothness parameters explained in the next section. In addition, each node
(except those in the base layer) was also connected to the node just below it i.e. V(x, y, z) is
connected to V(x, y − 1, z). The neighborhood can be understood from Fig. 4 where the neighbors
of the green voxel are shown in red. These edges connecting the neighbors enforced smoothness
constraints. This means that for a voxel (x, y, z) on a surface, its neighboring voxels along xdirection, (x + 1, y 0, z) and (x − 1, y 00, z) were no lower than the voxel (x, max(0, y − ∆y ), z). Similar
smoothness constraint along z-direction (controlled by ∆z ) enabled the graph cut algorithm to
maintain smoothness of the surface across different B-scans and ignore sudden loss of signal or
a bump due to hair or scales. Lack of this smoothness in 2D approaches makes the algorithm
sensitive to sudden changes in the surface.
Once the graph was constructed, the weight of a node V(x, y, z) in G was defined as w(x, y, z) =
c(x, y − 1, z) − c(x, y, z) (for y > 0). When the weights were computed at the nodes of the graph
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Fig. 5. The raw OCT volume was cropped out to remove regions with weak signal.

Fig. 6. Preprocessing steps shown using a sample B-scan (Section 2.3). (i) Raw B-scan, (ii)
The B-scan in (i) after conversion to 8-bit. (iii) Final output of preprocessing after contrast
stretching of the 8-bit image. This output was used for cost computation.

G, the graph became a node-weighted graph. The costs c(x, y, z) were computed as explained in
the next section.
2.3.

Cost computation and segmentation

The raw OCT volume had weak signal at the periphery so we cropped out a region of interest
(ROI) from the volume (Fig. 5). Each B-scan of the ROI was extracted as a 16-bit grayscale
image as shown in Fig. 6(i). The 16-bit image was converted to 8-bit to improve the contrast
at the skin surface (Figure 6(ii)). Thereafter, the contrast of each B-scan was further enhanced
using contrast stretching (using imadjust in Matlab with default parameters). Final image after
preprocessing is shown in Fig. 6(iii). This pre-processing was performed to improve the contrast
between the skin surface and the region above it. After preprocessing, a graph-based method was
used to segment out the skin surface.
In a graph-based segmentation method, the 3D volume to be segmented is represented as a
graph which has nodes and the neighboring nodes are connected through edges. Each node has a
cost associated to it and the cost of a surface in the graph is equal to the sum of the costs of the
nodes comprising the surface. The segmentation algorithm searches for the surface in the graph
whose cost is the minimum. In the proposed method, since each node corresponds to a pixel in
the B-scan, the cost for each pixel in a B-scan was computed and assigned as the cost of the
corresponding node in the graph. Since our objective was to find the surface with the minimum
cost, the cost was designed such that the desired surface had lower cost as compared to other
regions in the B-scan.
The skin surface is characterized by a strong edge, so an edge-based cost function was used.
However, there are other layers below the skin surface which often have strong edges near their
boundaries. To avoid false detection of these other layers, a region-based term was also added to
the cost function. The cost function cZ (x, y) for a B-scan (along the xy plane) can be defined as:
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cZ (x, y) = ρcZedge (x, y) + (1 − ρ)cZr egion (x, y).
edge

(1)

r egion

Here cZ
and cZ
are the edge-based and region-based terms, respectively and ρ controls
the weight given to them. The edge-based term was given by:
cZedge (x, y) = −p(φZ (x, y)).

(2)

The edge-based term consisted of a negated orientation penalty p(φZ (x, y)) [12] which
was chosen in view of a dark to bright transition observed at the skin surface. Dark to bright
transition means the image is darker above the skin surface and brighter below it. Mathematically,
p(φZ (x, y)) is a function of the gradient orientation φZ (x, y) and is defined as


0,



p(φZ (x, y)) = 1,


 < 1,


if φZ (x, y) = 270◦
if 0◦ ≤ φZ (x, y) ≤ 180◦
otherwise.

(3)

p(φZ (x, y)) assigned a lower cost to any dark to bright transition. Its value was -1 only for the
desired gradient orientation (0◦ to 180◦ ) and 0 for undesired orientation (270◦ ). For all other
orientations, this value was between -1 and 0 and was determined by linear interpolation. Gradient
orientation was defined as the angle between the x and y components of the image gradient.
Mathematically, the gradient orientation at a pixel (x,y) is given as:


Gy
φZ (x, y) = arctan
.
(4)
Gx
where G x and G y are the x and y components of the image gradient. First and second order
image gradients were computed using Gaussian blurring followed by convolution with the Scharr
operator which is found to perform better than the standard Sobel operator [27].
In addition to the orientation penalty, for pixels with low intensity gradients (both first and
edge
second order derivatives below certain thresholds), cZ
= 0 while for all other pixels where the
gradient was high this value was negative. The threshold for first (second) order derivative was
computed such that 95% of the pixels in the B-scan had absolute value of first (second) image
derivative less than the threshold.
r egion
The region-based cost, cZ
(x, y) for a pixel consisted of two terms and is mathematically
given as:
cZr egion (x, y) = bZ (x, y) + rZ (x, y).
(5)
Here, bZ (x, y) was the number of bright pixels above the current pixel.
bZ (x, y)

x=x 0,y=y0

=

Õ

tZ (x 0, y).

(6)

if I(x, y, z) < θ
.
otherwise

(7)

y ≥y 0

where,
(
tZ (x, y)) =

0,
1,

A bright pixel was defined as any pixel with intensity greater than a threshold θ (empirically
chosen as 200). This term will have a lower value for the skin surface as compared to the layers
below it. In addition, the sum of intensity variance of the pixels above and below the current
pixel [12] (rZ (x, y)) was also added to the region-based cost term.
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rZ (x, y)

x=x 0,y=y0

=

Õ

(I(x 0, y, Z) − a12 ) +

y ≤y0

Õ

(I(x 0, y, Z) − a22 ).

(8)

y>y0

Here a1 and a2 are constants which can be approximated with â1 (x 0, y 0, Z) and â2 (x 0, y 0, Z)
defined for each pixel in the B-scan (at z = Z) as [12]:
â1 (x 0, y 0, Z) =mean(I(x, y1, Z)
â2 (x 0, y 0, Z) =mean(I(x, y2, Z).

(9)
(10)

where y1 ≡ {y|y ≤ max(0, y 0 − |x − x 0 |∆y )} and y2 ≡ {y|y 0 + |x − x 0 |∆y < y < Ny }.
Once the costs were computed, surface segmentation was performed using the standard maxflow/min-cut algorithm [26]. In this algorithm, in addition to the nodes of the graph corresponding
to voxels, two more ‘terminal’ nodes are added which are called ‘source’ and ‘sink’. Each node
in the graph is assigned to either ‘source’ of ‘sink’ in such a way that the cost of the surface
which separates all the source nodes from the sink nodes is minimized. This surface with the
minimum cost corresponds to the desired boundary (or the skin surface). After segmenting the
skin surface, the intensities of the pixels above the surface were put to zero which in effect
removes the non-zero intensities due to the optical gel applied prior to imaging. Resulting B-scans
could be visualized in 3D using the 3D-viewer plugin in ImageJ [28].
Difference from the cost function used in [12]: The proposed cost function is inspired
from [12] but it has been modified to deal specifically with skin surface segmentation. Major
differences between the two cost functions are:
1. We have combined edge based and non-edge based cost functions while only an edge
based function was used in [12]. Using only the edge based cost function of [12] a false
segmentation of other layers below the skin surface was possible. To avoid this issue, we
have added a region-based term in the cost function.
edge

2. cZ

(x, y) = 0 for pixels with low intensity gradients. This was not used in [12].

3. bZ (x, y) is a newly defined term in the cost function which helped to overcome false
segmentation at lower layers.
2.4.

Choosing smoothness parameters

The smoothness parameters ∆y and ∆z control the smoothness of the segmented surface. ∆y and
∆z are related to intra-B-scan (within a B-scan) and inter-B-scan (across the B-scans) smoothness
respectively. The meaning of ∆y can be understood further from Fig. 7. Figure 7 shows the effect
of varying ∆y on the smoothness of the segmented surface for a sample B-scan. A lower value of
∆y leads to a smoother surface while a higher value reduces this smoothness. If the surface is
expected to be smooth along the x-axis, a lower value of ∆y is desirable.
Similarly, ∆z maintains smoothness between successive B-scans, a lower value leading to a
smoother segmentation. In a way, this amounts to using the context information across the slices.
Using this information ignores sudden loss of signal or a bump due to hair or scales when going
from one B-scan to the next. Since there is no such context information used in 2D approaches,
they might be sensitive to such problems as would be shown in the experiments (Section 4.2).
3.

Skin roughness estimation

To estimate skin’s roughness, we propose two parameters namely furrow density and furrow
depth. These parameters were chosen based on the German Deutsche Industrie Norm (DIN)
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Fig. 7. (Best viewed in color) Effect of varying ∆y . Green curve is the result of the proposed
algorithm. Lower ∆y (∆y = 1) in (i) leads to a smoother curve but such curve does not fit
well to the rugged surface shown. Instead ∆y = 2 in (ii) fits better. ∆z = 3 for both cases.

Fig. 8. Process of furrow extraction. (i) Segmented skin surface, (ii) Depth map, and (iii)
furrows extracted using Frangi filters (Section 3).

norms which categorize roughness parameters into amplitude parameters (furrow depth) and
spacing parameters (furrow density) [29].
To compute these parameters, a depth map of the skin surface was produced based on the
segmented surface (Figure 8(ii)). The depth map was in the form of an image where the intensity
at a location corresponded to the detected depth. A darker region meant the surface was deeper.
The depth map contained furrows which corresponded to the actual furrows on the skin surface.
These furrows were detected using Frangi filters [30] which were originally designed to detect
blood vessels in retinal fundus images. Frangi filters when applied on the depth map produced a
response which was high on furrows and low elsewhere (Figure 8(iii)).
From the Frangi filter response, furrow density was computed which is defined as the fraction
of the skin surface occupied by furrows, Fdensity and is given by [22]:
Fdensity =

N f urr ows
Nskin

(11)

where N f urr ows is the number of pixels corresponding to the furrows and Nskin is the total
number of pixels in the depth map.
The second parameter was computed from the depth map. This parameter is a variation of
the mean furrow depth, Fdepth defined in [22] as the average depth at the furrow pixels and
computed using the following equation:
N f ur
r ow s
Õ

Fdepth =

(µs − D f )

f =1

N f urr ows

(12)

where D f is the depth in pixels at f th furrow pixel and µs is the reference surface level
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Fig. 9. Computing furrow depth to account for tilted surfaces. The blue curve represents the
tilted surface. µs is the reference surface level estimated by averaging the depths in the entire
depth map while µs1 is the reference surface level along the tilted surface. For a furrow
located at point P, the actual depth is NP instead of MP. Note that we have explained in 2D
for ease of understanding however, the actual surface is in 3D.

estimated by averaging the depths in the entire depth map. The furrow pixels were detected from
the Frangi filter response.
This formula works well for volumes where the skin surface is almost parallel to the x-axis.
However, the formula may not be precise enough for surfaces slanted at a significant angle from
the x-axis. This is demonstrated in Fig. 9. The reference surface level should be µs1 instead of
µs . Consequently we propose to replace µs by µs1 in equation 12. To calculate µs1 , we applied
principal component analysis (PCA) to the points on the segmented surface. Let the skin surface
be represented by a point cloud in 3D, S(x, y, z) or just S for the sake of simplicity. Let the mean
of S be given by M = [mx, my, mz ]. PCA transforms S into S1 such that:
S1 = WT (S − M)

(13)

where W is the 3×3 matrix containing the eigenvectors of the covariance matrix of S corresponding
to the three eigenvalues. Mathematically,


WT = w1 w2 w3
(14)
Note that S lies in a three dimensional space so there will be three eigenvectors resulting
from PCA namely w1 , w2 and w3 . These three eigen-vectors are perpendicular to each other
and can form three axes analogous to the x,y and z axes in the original data (before application
of PCA). When the points are projected into the new axes formed by these eigenvectors, it is
equivalent to a rotation of the surface to make it parallel to the new x-axis. After rotation, the
point cloud is given by S1 (Equation 13). Details on eigenvectors, eigenvalues and PCA can be
found in [31]. Once the data is rotated, the depth map was computed again followed by furrow
extraction as mentioned previously. If M1 = [m1x, m1y, m1z ] is the mean of S1 , µs1 = m1y and
the new equation for Fdepth is:
N f ur
r ow s1
Õ

Fdepth1 =

(µs1 − D f 1 )

f 1=1

N f urr ows1

(15)

The new parameters with subscripts ending with 1 are those with reference to the new axes. In
addition, | · | denotes the absolute value function.
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Fig. 10. The six volumes in SD3 as shown to the clinicians for ranking in order of furrow
density and furrow depth (Section 4.1).

4.

Results and discussions

4.1.

Dataset

The data used for experiments were captured using Skintell HD-OCT system [32]. Skintell
uses an infrared light source of wavelength 1300nm and achieves a penetration depth of up to
1mm. The captured volumes were of size 640 × 200 × 512 pixels and as per the resolution of
Skintell, each pixel is approximately equal to 3 µm in axial and transverse directions. For the
captured volumes, the signal at the periphery was weak due to which the volumes were cropped
to 360 × 200 × 360 pixels (Figure 5). This meant there were 360 B-scans in one volume, each
of size 360 × 200 pixels. Three datasets were used in this work out of which two were used for
skin surface segmentation evaluation while the third dataset was used for evaluating roughness
estimation. The three datasets are:
1. SD1: The first dataset (Skin dataset 1 or SD1) consisted of 5 HD-OCT volumes captured
from anterior and posterior forearms of healthy subjects.
2. SD2: In addition to SD1, for skin surface segmentation a dataset of 26 HD-OCT volumes
(from healthy subjects) with shadowing effects was used. These volumes were captured
from anterior and posterior forearms and face and contained B-scans with shadowing
effects as shown in Fig. 2(i)-(iv).
3. SD3: The third dataset was formed to evaluate roughness estimation using the proposed
method. This dataset contained 6 volumes from anterior and posterior forearms and faces
of healthy subjects.
The ground truth for the skin surface segmentation was manually marked by an expert in
dermatology for all the B-scans in SD1 and SD2. The expert used ImageJ [28] to mark the
coordinates of the surface in the image.
Evaluation metric for a B-scan is the unsigned mean vertical error (in pixels) given as:
!
Nx
1 Õ
pr ed
GT
|y
− yx |
(16)
Eu =
Nx x=1 x
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Table 1. Clinicians’ grading for furrow density. 1 denotes the surface with the least dense
furrows while 3 is the surface with the densest furrows. Ci refers to the i th clinician while
Vi refers to the i th volume.

Grader ID
C1
C2
C3
C4
C5
Mean

V1
2
2
2
2
2
2.0

Group 1
V2 V3
1
3
1
3
1
3
1
3
1
3
1.0 3.0

V4
1
1
1
1
1
1.0

Group 2
V5 V6
3
2
3
2
3
2
3
2
3
2
3.0 2.0

Table 2. Clinicians’ grading for furrow depth. 1 denotes the surface with the shallowest
furrows while 3 is the surface with the deepest furrows.

Grader ID
C1
C2
C3
C4
C5
Mean

V1
1
3
3
2
2
2.2

Group 1
V2 V3
3
2
2
1
2
1
3
1
3
1
2.6 1.2

V4
2
1
1
1
1
1.2

Group 2
V5 V6
1
3
2
3
2
3
2
3
2
3
1.8 3.0

pr ed

th
Here yx
and yGT
x are the predicted and actual y coordinates for the x column, respectively
and Nx is the number of columns. In addition, the mean signed vertical error, Es , is also reported
which uses the signed difference instead of absolute difference in Eq. 16. A positive value of Es
indicates that the predicted surface lies above the actual while negative value indicates otherwise.
Es is specially relevant in the presence of hair or scales. If these structures were mistaken as skin
surface, the predicted surface would lie well above the actual, resulting in a high value for Es . So,
Es reflects position of the predicted surface rather than actual performance. Eu and Es give the
error for one B-scan. Averaging these errors for all the B-scans in a given volume results in the
error for the volume.
For establishing the ground truth for SD3, the 6 volumes were divided into two groups
(Figure 10) and the volumes in each group were ranked by 5 clinicians in the order of their furrow
density (1 being the least dense and 3 the most dense) and furrow depth (1 being shallowest and
3 deepest). This meant that each clinician gave two rankings for each group abased on visual
assessment. The ground truth rankings for furrow density and furrow depth are shown in tables 1
and 2, respectively. From Table 1, it can be observed that all the clinicians agreed in their
rankings for both groups. However this agreement was not observed in ranking the furrow depth
(Table 2), especially for group 1.

4.2.

Skin surface segmentation

For skin surface segmentation, values of parameters ∆y , ∆z and ρ were empirically chosen as
2, 3 and 0.1 respectively. After segmentation, the intersection of the segmented surface with
each B-scan is a curve. We performed a B-scan based evaluation of the accuracy of the proposed
approach. The predicted curve for a B-scan was compared with the ground truth using equation 16.
Results averaged over all the volumes in SD1 for skin surface segmentation are reported in
Table 3(i) and compared against the related works. For SD2, the experiments were run on the full
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Table 3. Results of skin surface segmentation on SD1 and SD2. The proposed approach is
compared with other related works. Best results are highlighted in bold. ∆y = 2 and ∆z = 1
for all the experiments. Errors are in pixels and 1 pixel ' 3 µm.

K. Li. et al. [12]
A. Li. et al. [21]
Proposed

SD1
Eu
Es
2.06 1.77
1.65 0.42
1.56 1.07

SD2
Eu
Es
2.48 1.98
3.29 2.76
1.97 1.36

Fig. 11. (Best viewed in color) Results for skin surface segmentation for the proposed
approach as compared with related works. From left to right are ground truth and the results
of A. Li et al. [21], K. Li et al. [12] and the proposed method, respectively. The unsigned
mean vertical errors for each sample (from left to right respectively) are (i) 3.24, 3.46 and
2.38 pixels (ii) 11.45, 4.61 and 3.67 pixels.

Fig. 12. A comparison of segmentation obtained using (i) 2D segmentation method of A.
Li et al. [21] and (ii) the proposed method. The encircled regions show strands of hair
incorrectly segmented by [21] as the skin surface. The proposed method, on the other hand,
is more robust to the presence of hair.

26 volumes but evaluation was performed on 252 B-scans only and average over these B-scans is
reported. This was to assess the performance of the proposed work on the B-scans with shadowing
effect. These 252 B-scans were selected through visual inspection of the 26 volumes.
We have compared the proposed approach with the following works: 1) A. Li et al. [21]: This
is the only work which evaluates the performance of their skin segmentation algorithm. Their
method is in 2D and does not consider the presence of hair. 2) K. Li et al. [12]: This work proposed
a generic 3D graph-based surface segmentation approach. A comparison was performed with
this work to show the importance of the proposed cost function. For comparison, these works
were implemented and run on the same datasets as the proposed work.
From Table 3, it can be seen that for skin surface segmentation on SD1 the performance (as
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Fig. 13. Depth maps generated using the proposed approach (Top row) and the method
in [22] (Bottom row) for the six volumes used for roughness estimation. The depth maps
generated using the proposed method has fewer artifacts as compared to the depth maps
produced by [22].

per Eu ) of the proposed method is better than other works but the improvement in performance is
more prominent for SD2. This is because context information (used in the proposed 3D approach)
across B-scans is more important for data with shadowing effect (SD2). Lack of using the context
information across the B-scans in the 2D approach [21] makes it sensitive to sudden changes in
the surface.
Figure 11(i) and (ii) present sample skin surface segmentation results and for both cases the
proposed method outperformed other works. However, for cases where hair touched the skin
surface for a higher number of B-scans, the proposed method experienced errors in segmentation
as well. Figure 11(ii) shows one such case where all the methods failed to accurately segment
the skin surface. Figure 12 compares the 3D visualization of the surface as segmented using the
proposed algorithm and the algorithm in [21]. The method in [21] incorrectly segmented strands
of hair as surface. As observed, the proposed method produces better results being robust to the
presence of hair since it uses the context information as mentioned in sections 1.1 and 2.4.
4.3.

Roughness estimation

The results of surface roughness estimation are presented in this section. Results in Table 4 show
the values of Fdensity and Fdepth for all the six volumes. The depth maps generated for each
volume are shown in Fig. 13. Results are compared to another related work [22]. If we compare
the depth maps produced using the proposed method and [22], the ones produced using [22]
have more artifacts. This is because [22] uses 2D segmentation method which cannot achieve
continuity between the successive B-scans. Since the proposed method uses 3D segmentation,
such artifacts are absent in the resulting depth maps.
The parameter Fdensity essentially computes what fraction of the skin surface (as shown in the
depth map) is occupied by furrows. The values computed using the proposed method are very
different from those computed using [22] since [22] uses a different method to extract furrows.
In some cases, it can be seen that values of Fdensity computed using the proposed method is
closer to the expected value. One such case is V4 where hardly any furrow is seen (Fig. 13)
which is reflected in Fdensity = 0.02 meaning that only 2% of the surface has furrows. While the
same value computed using [22] is 31% which does not seem to be accurate. In some cases, it is
possible that the artifacts were taken to be furrows by [22] such as V5 and V3, however proposed
method is robust to such errors. If we compare values of Fdepth , there is a large difference in
the values computed using the proposed method and [22]. This is essentially due to different
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Table 4. Results of roughness estimation on the six volumes (see the depth maps in Fig. 13)
using the proposed method and a related work [22]. The values of the two parameters relating
to the furrow density and furrow depth are reported.
Proposed
Yow et al. [22]
Volume
Fdensity Fdepth1
Fdensity Fdepth
name
Group 1
V1
0.18
3.95
0.37
8.67
V2
0.13
3.78
0.30
10.47
V3
0.34
1.04
0.38
7.90
Group 2
V4
0.02
1.14
0.31
14.93
V5
0.29
1.48
0.39
7.63
V6
0.16
4.06
0.31
9.83

Table 5. Ranking of the volumes based on the roughness parameters computed using the
proposed method and [22] (Refer to Table 4 for the values of the parameters). The ground
truth (GT) is the mean ranking by the clinicians. Pearson’s correlation coefficients (ρ) show
the degree of correlation between computed parameters and the ground truth (Section 4.3).
For ground truth marking of furrow density, 1 is the least dense while 3 is the densest. For
furrow depth, 1 is the shallowest while 3 is the deepest. Best results are highlighted in bold.
NA: Not Applicable.
Furrow density
Furrow depth
Volume
Proposed
[22] GT
Proposed
[22]
GT
name
Group 1
V1
2
2
2.0
3
2
2.2
V2
1
1
1.0
2
3
2.6
V3
3
3
3.0
1
1
1.2
ρ

0.96

V4
V5
V6

1
3
2

ρ

0.99

0.92 NA
Group 2
1
1.0
3
3.0
1
2.0

0.95

0.89

NA

1
2
3

3
1
2

1.2
1.8
3.0

0.87

0.97

-0.53

NA

NA

equations used for Fdepth in both the methods (Eqs. 12 and 15). Moreover, difference in furrow
extraction method also affects the computation of furrow depth.
Based on the computed values of the roughness parameters, the six volumes were ranked. For
ranking based on the furrow density, 1 is the least dense while 3 is the densest. Similarly, for
rankings based on the furrow depth, 1 is the shallowest while 3 is the deepest. The rankings made
by the proposed system were correlated with the ground truth which was the mean rankings of
the clinicians. Results of these rankings are presented in Table 5 along with a comparison with
the rankings based on [22]. To quantify the correlation, we computed the Pearson’s correlation
coefficients (ρ) between the roughness parameters and the respective ground truth rankings. The
correlation of Fdensity with its ground truth is higher in both groups (0.96 and 0.99) for the
proposed method as compared to [22] (0.92 and 0.87). For Fdepth1 the correlation coefficients are
0.95 and 0.97 for group 1 and group 2, respectively while these values for [22] are 0.89 and -0.53,
respectively. These high correlations of the proposed roughness parameters with the manual
rankings show their usefulness in the assessment of skin roughness. Moreover, as compared
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to [22], the proposed method shows better results.
In this work, we have used the roughness parameters to rank the roughness of the OCT volumes
taken from different individuals. However, in actual application, the proposed parameters will be
used to rank the same location of the body over different visits. This will help in monitoring the
effect of treatments on the skin.
5.

Conclusion

This paper presented a 3D graph-based approach for skin layer segmentation with a novel
cost function which can deal with shadowing effects in OCT images. The proposed method
utilized context information across B-scans which was neglected by previous works on skin layer
segmentation which used a B-scan-by-B-scan (2D) segmentation approach. For skin surface
segmentation, the proposed method outperformed existing related works. Experimental results on
OCT images with shadowing effect showed a reduction in error by more than 20% as compared
to the best performing related work in skin surface segmentation [21]. The proposed method
was used for skin roughness estimation. Roughness estimation is important for cosmeceutical
applications. We proposed to use furrow density and furrow depth to measure surface roughness.
Experimental results showed that the depth maps produced by the proposed method had fewer
artifacts as compared to [22]. Accurately generated depth maps also led to a more accurate
computation of the roughness parameter. The roughness rankings made based on the computed
parameters correlated well with the ground truth and outperformed the related work [22]. However,
in cases of complex curvatures of the skin, our approximation using PCA needs to be tested.
One of the limitations of the proposed method is that when hair touched the skin surface
consecutively for many B-scans, segmentation of skin surface was not accurate. Future work will
attempt to deal with these problems. Although the evaluation was performed on B-scans with
hair, the work can be extended to structures in the skin blocking light, which create shadows such
as hair inside the hair follicles and thick scales on the skin surface. The proposed approach for
layer segmentation is also applicable to similar problems such as retinal layer segmentation.
As for skin roughness estimation, the proposed method can be very useful owing to robustness
to shadowing which can affect roughness estimation. The parameters proposed in this work assess
the furrow density and depth on the skin surface. We will be studying ways to combine these two
parameters to give one roughness parameter. This can be used to rank skin roughness as a single
parameter, rather than using furrow density and depth parameters individually.
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