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Abstract. A novel stochastic Bayesian estimation method is introduced
for the purpose of suppressing specular reflectance in endoscopic imagery,
benefiting both computer aided and manual analysis of endoscopic data.
The maximum diffuse chromaticity, which is necessary for the calculation
of the specular reflectance, is estimated via Bayesian least-squares minimization, with the posterior probability of maximum diffuse chromaticity
given maximum chromaticity constructed via an adaptive Monte Carlo
sampling approach. Experimental results using a set of clinical endoscopic imagery showed that the proposed method resulted in lower coefficient of variation values when compared to existing methods in homogeneous regions contaminated by strong specular highlights, which is
indicative of improved specular reflectance suppression. These findings
are further reinforced by visual assessment of the specular suppressed
endoscopic imagery produced by the proposed method.
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Introduction

Minimally invasive surgery has recently become more widely used in place of
classic surgical techniques, with benefits including smaller incision wounds or
avoidance of incision wounds entirely, less post-operative pain, faster recovery
times, and reduced visible scarring [6]. Minimally invasive surgery is often guided
by imagery collected via an endoscope, a flexible tube with a light source and a
camera attached at the tip, which is displayed to a surgeon.
Both computer-aided analysis and manual review of endoscopic imagery is
beneficial for accurate diagnosis, surgical planning, and surgical assistance. Computerized processing of endoscopic imagery is useful in numerous applications
including automated annotation and feature extraction [3], automated classification [4, 17], assisted endoscope guidance [7, 13], and computer-aided comparison
between endoscopic imagery and imaging data obtained through an alternate
modality [8, 10]. However, image analysis algorithms for endoscopic imagery are
often hindered by the presence of strong specular highlights caused by the specular reflectivity of mucous membranes within the human body. Such effects can
?
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be seen in Fig. 1, in which specific examples of strong specular highlights have
been circled. Furthermore, in a double-blind study conducted by Vogt et al. [16]
in which physicians were asked to choose between two of the same endoscopic
images, one with suppressed specular reflectance and the other unprocessed, it
was concluded that physicians preferred to view endoscopy imagery in which
specular reflectance has been suppressed. Hence, methods for suppressing strong
specular reflectance in endoscopic imagery are highly desired.

(a) Gastric Fundus

(b) Proximal Esophagus

(c) Gastric Cardia

(d) Gastric Fundus

Fig. 1: Examples of specular highlights in endoscopic imagery [2]. Regions of high
specular content are circled.
Oh et al. [11] proposed a method for detecting specular highlights in endoscopy imagery via thresholds on the saturation and value channels in the
HSV colour space, as well as on segmented regions of similar texture and colour.
However, the threshold values were inflexible and required calibration, and the
segmentation algorithm was computationally expensive. Arnold et al. [1] used
adaptive colour channel thresholds to identify a set of potentially specular pixels, and refined the set via thresholds based on an estimated non-specular colour
image for each channel obtained through median filtering. While this has been
shown to run faster than [11], the need for manually defined parameters decreases
the robustness and reliability of this algorithm in a wide variety of applications.
Tan and Ikeuchi [14] proposed a method for separating the specular and diffuse components of an image by estimating an initial specular-free image and
iteratively correcting it to produce a diffuse (specular free) image. This method
eliminates the need for thresholds or colour segmentation, but was shown to
be very computationally expensive. Yang et al. [19] demonstrated an improved
method for decoupling the specular and diffuse components of an image which
is capable at operating at speeds suitable for real-time applications, and yields
more accurate results than [14]. Bilateral filters are used to estimate the maximum diffuse chromaticity which, based on work by Tan et al. [15] and Shafer’s
dichromatic reflectance model [12], can be used to estimate the specular-free
diffuse image. While this method resulted in real-time capabilities and improved
suppression performance, the use of bilateral filters enforces piecewise smooth
reflectance assumptions that may not be well suited for drastic reflectance variations such as those seen in endoscopy imagery. In this work, we propose a novel
stochastic Bayesian estimation approach to specular reflectance suppression in
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endoscopic imagery that extends upon the work of Tan et al. [15] to better handle
such drastic reflectance variations.

2

Methodology

The proposed method aims to decouple the specular and diffuse components of
endoscopic imagery in order to suppress specular reflectance. Building upon work
done by Tan et al. [14], a stochastic Bayesian estimation approach is introduced
to estimate the specular component of endoscopic imagery. Such an approach
is better suited for drastic reflectance changes by better use of the underlying
image statistics. An overview of the proposed method is shown in Fig. 2.
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Fig. 2: Overview of the proposed method for specular reflectance suppression in
endoscopic imagery
2.1

Dichromatic Reflection Model

The reflection model used throughout this formulation (Eq. 1) assumes an RGB
video endoscope. Based upon Shafer’s dichromatic reflection model [12], the
light reflected from an object, J, is comprised of two components; the diffuse
reflection, J D , and the specular reflection, J S :
J = JD + JS.

(1)

Furthermore, let chromaticity, σc , diffuse chromaticity, Λc , and specular chromaticity, Γc , be defined as
σc =

Jc
,
Jr + Jg + Jb

Λc =

JcD
,
JrD + JgD + JbD

Γc =

JcS
JrS + JgS + JbS

(2)

where c ∈ {r, g, b}, the colour channels captured by an RGB endoscope.
2.2

Specular Reflection Estimation

It was shown by Tan et al. [15] that given the estimated illumination chromaticity, the specular colour component of each reflected light can be normalized such
that JrS = JgS = JbS = J S and Γr = Γg = Γb = 13 . The diffuse reflection can then
be calculated as:
JcD = Jc − J S .

(3)
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In addition, Tan and Ikeuchi [14] have shown that J S can be calculated as a
function of the maximum diffuse chromaticity (Λmax ) where,
Λmax = max(Λr , Λg , Λb )

(4)

and
JS =

2.3

max(Jr , Jg , Jb ) − (Jr + Jg + Jb )Λmax
.
1 − 3Λmax

(5)

Stochastic Bayesian Estimation of Λmax

Given Eq. 5, it can be seen that a reliable estimate of the maximum diffuse
chromaticity Λmax is critical in the calculation of the specular reflectance J S .
Here, we formulate the problem of obtaining the maximum diffuse chromaticity,
denoted by Λ̂max , as a Bayesian least-squares minimization problem, which can
be formulated as follows:
Λ̂max = arg min (E((Λmax − Λ̂max )2 |σmax )))

(6)

Λ̂max

where σmax is formulated as:
σmax = max(σr , σg , σb ).

(7)

By the same approach as Lui et al. [9], the solution of Eq. 6 can be written as:
Z
Λ̂max = P (Λmax |σmax )Λmax dΛmax ,
(8)
where P (Λmax |σmax ) denotes the posterior probability. Since the posterior probability P (Λmax |σmax ) is unknown and difficult to obtain analytically, we employ
an adaptive Monte Carlo sampling approach to obtain a reliable estimate based
on inherent image statistics [5, 18]. In such an approach, for each pixel, xc , in
image space Φ, a set of pixels q1 , q2 , ..., qN , are sampled stochastically from Φ
based on an acceptance probability relating qi and xc [18], where qi refers to the
ith sampled pixel. The acceptance probability, α(qk |xc ), is calculated as
!
N
1 X
2
(ℵq (i) − ℵxc (i)) ,
α(qk |xc ) = exp σ1 −
N i=1 k

(9)

where σ1 is a constant and ℵqk and ℵxc represent regions of equal size surrounding
qk and xc respectively. The set of sampled pixels are used to construct a weighted
histogram estimate of P (Λmax |σmax ), where the weight of each sampled pixel’s
contribution, wk , to the estimate of P (Λmax |σmax ) is determined by [18] as
!
PN
1
2
i=1 (ℵqk (i) − ℵxc (i))
N
wk = exp −
(10)
σ2
where σ2 is a constant.
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Experimental Setup

3.1 Phantom Data Experiment
To validate the effectiveness of the proposed method in general, a simulated
phantom model was created. Glossy texture and a simulated light source were
then applied to produce the effect of specular highlights. In order to obtain
ground truth data, the same object was given a matte texture as to remove
the effect of specular highlights. The model’s shape is that of a twisted tube
with a ridged inner surface to replicate similar reflective qualities as those seen
in endoscopy images. The phantom model and ground truth can be seen in
Fig. 3. To evaluate the success of the proposed method, the peak signal to noise
ratio (PSNR) of the simulated ground truth and the post-processed image were
compared.

(a) Specular Phantom Model

(b) Diffuse Phantom Model

Fig. 3: Specular and diffuse phantom models where the diffuse phantom model
acts as ground truth for experiments run on this data set.
3.2 Endoscopy Data Experiment
To validate the performance of the proposed method on endoscopic imagery, an
experiment was conducted using thirty endoscopy data sets obtained from the
Clinical Outcomes Research Initiative [2]. The resolution of each data set ranges
from 183×190 to 530×460 pixels and each was captured with an RGB endoscope.
Since no ground truth exists for these data sets, the coefficient of variation (COV)
was used to quantitatively evaluate the effectiveness of the proposed algorithm.
The COV was calculated over a set of selected regions (as shown in Fig. 5)
with largely homogeneous tissue characteristics that have been contaminated by
strong specular reflectance. The COV of a region, X, was calculated as follows:
σX
COV =
(11)
µX
where σX and µX represent the standard deviation and mean of the region, X,
respectively. COV provides a good indication of intensity homogeneity within a
region, and offers a consistent comparison of variation across all data sets. Since
standard deviations in the selected largely homogeneous regions should be low,
a smaller COV is desirable and indicative of specular reflectance suppression
performance. For comparison, the method proposed by Yang et al. [19] was
evaluated as it represents state-of-the-art in specular reflectance suppression. In
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addition, values of σ1 = 0.272 and σ2 = 0.0172 were used throughout as they
were empirically determined to produce strong results.

4
4.1

Experimental Results
Phantom Data Experiment

The results produced by both Yang et al. [19] and the proposed method when
applied to the phantom dataset are shown along with the ground truth and
specular phantom images in Fig. 4. In addition, PSNR values are indicated
beneath each figure where applicable. For the PSNR metric, larger values are
desirable as this indicates a lower contribution from noise to the overall signal. By
visual inspection, it is clear that both methods perform well to suppress specular
highlights, however, PSNR values indicate slight improvements by the proposed
method. This can likely be attributed to presence of discontinuous geometry and
the ability of the proposed method to handle such scenarios, whereas the method
proposed by Yang et al. [19] assumes piece-wise smooth geometry.

(a) Phantom Data

(b) Ground Truth (c) Yang [19]
PSNR = 70.63 dB

(d) Proposed
PSNR = 72.13 dB

Fig. 4: Results from performing specular highlight suppression on the phantom
dataset. PSNR values are also shown, with the most desirable PSNR value indicated in boldface.
4.2

Endoscopy Data Experiment

The COV results computed for the thirty endoscopic data sets are tabulated in
Table 1. Both of the tested methods resulted in a lower COV than the original
endoscopic imagery, indicating that both methods provided specular reflectance
suppression. However, the proposed method, on average, produced COV values
lower than those produced by [19]. A T-test between the two COV distributions
produced a P-value of less than 10% (0.094), indicating statistical significance.
This signifies that within the selected regions, the specular suppressed imagery
produced by the proposed method are more homogeneous than those produced
by [19] and could be indicative of improved specular reflectance suppression
performance. While COV is one way of offering a quantitative comparison, this
does not necessarily reflect the benefit to clinicians when visually assessing the
specular suppressed endoscopic imagery. As such, a visual comparison for four
of the endoscopic data sets is shown in Fig. 5, along with the regions used for
the COV calculation. While both methods are effective at suppressing strong
specular reflectance in all data sets, the specular suppressed endoscopic imagery
produced by the proposed method exhibits fewer artifacts, which is important
for both visualization and endoscopic image analysis.
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Table 1: Tabulated COV calculated over thirty endoscopic data sets. Lower COV
indicate better performance. The average and standard deviation across the COV
for each method are also displayed. The best results are highlighted in boldface.
Test
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
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Original
0.0815
0.1144
0.1124
0.1688
0.1671
0.1136
0.0848
0.1123
0.1224
0.2273
0.0768
0.0671
0.1470
0.2347
0.0889
0.0654

[19]
0.0251
0.0275
0.0417
0.0329
0.0526
0.0408
0.0280
0.0304
0.0458
0.0389
0.0406
0.0334
0.0232
0.0554
0.0370
0.0252

Proposed
0.0209
0.0262
0.0293
0.0266
0.0413
0.0320
0.0320
0.0320
0.0426
0.0316
0.0337
0.0234
0.0176
0.0580
0.0416
0.0205

Test
17
18
19
20
21
22
23
24
25
26
27
28
29
30
AVE
STD

Original
0.1415
0.2660
0.1429
0.0984
0.0979
0.0376
0.3211
0.2029
0.0779
0.0680
0.1253
0.0703
0.0684
0.1541
0.1240
0.0525

[19]
0.0441
0.0485
0.0412
0.0232
0.0286
0.0262
0.0519
0.0441
0.0291
0.0385
0.0208
0.0307
0.0277
0.0438
0.0362
0.0097

Proposed
0.0435
0.0352
0.0509
0.0266
0.0206
0.0132
0.0335
0.0357
0.0253
0.0409
0.0189
0.0250
0.0289
0.0384
0.0318
0.0102

Conclusions

A method for suppressing specular reflectance in endoscopic imagery via stochastic Bayesian estimation has been proposed. Experiments show that the proposed
method achieved strong specular reflectance suppression with minimal visual artifacts. Future work will include further validation with a more comprehensive
clinical study to ensure relevant medical information is unaffected by the proposed method.
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