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1 Introduction

The research work presented in this document relates to color reproduction and

augmented reality in video-based surgical navigation. In this chapter, we will

discuss the motivation behind the work and disclose technical information about

this document, such as the outline, the notation used, and the doctoral program

it relates to.

1.1 Thesis Outline

The remainder of this document is organized as follows:

Chapter 2 camera calibration

Chapter 3 color reproduction of display monitors

Chapter 4 6-D object pose estimation for augmented reality

1.2 Notation

Matrices are represented by symbols in a sans-serif font, e.g., A. Vectors and

vector functions are represented by bold symbols, and scalars are denoted by

plain font letters, e.g., x = (x, y)T and f(x) = (fx(x), fy(x))
T. fx(x) denotes a scalar

function. Sets are denoted by upper-case calligraphic letters, e.g., L.

Indices are denoted as underscripts and descriptive information is provided as

superscripts.

1.3 Ph.D. Courses and Publications

1.3.1 Ph.D. Courses

During the curricular part of the Ph.D., the following disciplines were completed:
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• advanced topics of operational research (grade of 18/20);

• cognitive vision systems (grade of 17/20);

• computational techniques for estimation, detection and identification (grade

of 19/20);

• video-vigilance and biometrics (grade of 17/20).

The PhD course also involved the elaboration of a thesis project …

The thesis project involved an oral presentation and it was evaluated in a public

session with a final grade of 19/20. …

1.3.2 Publications

[22] Elsevier Neurocomputing

[45] CVPR2015

[44] Granted Patent by USPTO

[47] Elsevier CVIU

[46] Submitted to Elsevier Displays

[43] IET-HTL
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2 Camera Characterization with Invariance

to Light and Vignetting

Camera response characterization determines how a camera transforms incom-

ing light to create pixel values on a digital image. It has been a research topic for

a few decades and its relevance is increasing because of the proliferation of com-

puter vision algorithms in this domain. Applications include augmented reality,

3D reconstruction by shape-from-shading (SfS) [22], and color normalization

across camera vendors [52].

The most simple form of camera response characterization is the estimation of

what is usually known as the camera response function (CRF). This function is a

camera model that, for each image channel independently, maps the value of the

incoming light to pixel values. Currently, most methods in the literature only

address this issue. The CRF may be adequate in some cases, such as for RAW

images, where the only mapping is the light sensors response. However, for

most cameras, the CRF does not fully describe the transformation [52]. It aims

to linearize the response of each color channel independently, but does not de-

scribe the color transformations performed in-camera nor the color space of the

camera. To fully describe a camera one must estimate a more complex model.

Each vendor implements in-camera its own closed-source algorithm. See fig-

ure 2.1 for two images of similar scenes taken from two cameras with different

responses. Even if two vendors follow the same color standard (e.g., sRGB) the

resulting images can be quite different. Thus, an universal camera model can be

hard to establish. Several models have been proposed in the literature. Recently,

an insightful work by [52] aimed to establish a more accurate camera model.

Although it requires a large amount of images with the same camera, it was

able to establish a better model for the in-camera processing, i.e., from RAW

values to RGB pixel values. The proposed model entails a CRF, a gamut mapping

function, and a color transformation matrix. It also proved that the in-camera

processing is not scene dependent as had been suggested in [11]. Missing from

Color Reproduction and Augmented Reality for Video-Based Surgical
Navigation
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(a) (b)

Figure 2.1 – Laparoscopic video frames of similar anatomical cavities from two
minimally-invasive procedure (MIP) towers from different vendors. Note the
difference in the color response of the two cameras on tissue with the similar
color properties.

the Kim et al. model is the mapping from the actual incoming light on the sen-

sor to the RAW camera-specific space. Describing the incoming light is usually

done in a standard color space and the mapping between a camera-specific color

space and a standard color space can be referred to as photometric or colorimet-

ric calibration.

In contrast with the work of [52], we aim to achieve single-frame character-

ization, including photometric calibration, of digital cameras with generic vi-

gnetting and acquired under a generic illuminant. Currently, this is an unsolved

problem in the literature. Papers addressing calibration in these conditions usu-

ally employ simple cameramodels with assumptions that do not hold in practice.

Moreover, works using more accurate models, assume light is uniform on the

scene and that vignetting either can be ignored or has a radial behavior.

The set-up we address in this work is of particular interest in MIPs, where the

previous assumptions do not hold. Moreover, cameras designed for MIPs are

composed of inter-changeable components (camera, optics, and light). Thus,

a medical professional must be able to make the calibration as the parts are

mounted, on-the-fly, in the operating room (OR). Hence, the desire to develop

a single-image method. Note that indoor calibration of generic cameras, such

as cellphone cameras, also tend to violate the uniform illuminant assumption.

This work is an extension of what is described in [45]. As in that work, we pro-

pose a method that uses a surface with multiple regions of different colors as a

calibration target, for which the albedo values are known in advance. Although

the shape of the calibration surface is irrelevant for the estimation, all the ex-

Color Reproduction and Augmented Reality for Video-Based Surgical
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periments are carried using a planar checkerboard target similar to the one de-

scribed in [2]. The reasons are twofold: the automatic segmentation and identi-

fication of the albedo regions is straightforward, and by combining our method

with the geometric calibration approach proposed in [35] it is possible to fully

model the camera from a single calibration frame. In addition to the work pre-

sented in [45], this document provides a deeper analysis and theoretical insight

about the image formation physics, the camera models, and the necessary con-

ditions for the method to work. It also extends the method that only was able to

estimate the CRF, to also perform color response characterization. This exten-

sion brings two advantages: (a) it relaxes the assumption that the camera color

response is in sRGB with positive impact in accuracy/repeatability of the CRF,

and (b) it models the color response of the camera allowing for its calibration.

Relaxing this assumption and characterizing the camera color response entails

estimating a color transformation matrix in addition to the CRF. As a conse-

quence of estimating a more accurate model, the theory behind the approach for

dealing with generic lighting setups must be revisited. In addition, the number

of albedos needed in the calibration target changes from two albedos to at least

three albedos for the usual trichromatic cameras.

The current chapter will present a thorough experimental validation for different

set-ups, a study on the influence of the number of images and colors involved

in the calibration, and examples of practical applications using real endoscopic

imagery. Our method will also be evaluated for non-endoscopic cameras and

we will demonstrate its applicability to such cameras. The method of [62, 63]

was identified as being the closest to our work and will be used for comparison

purposes. Further information about their approach is given in section 2.1.2.

2.1 RelatedWork

Literature in classical CRF estimation is abundant and there are some well es-

tablished methods. However, to the best of our knowledge, there is not a prac-

tical method that can cope with set-ups with near light from an illuminant with

generic shape and/or generic vignetting (see figure 2.2). Moreover, most meth-

ods work with RAW images, without in-camera software being applied to the

acquired pixel values, and thus can use simple camera models that will not gen-

eralize to RGB images. Most off-the-shelf cameras, however, cannot export

RAW images, making this a very important limitation of these methods. The

proposed approach relaxes this assumptions allowing for a more complete cam-

Color Reproduction and Augmented Reality for Video-Based Surgical
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(a) (b)

Figure 2.2 – A photograph of the lens tip of an endoscopic camera (a) and a white
planar scene imaged with an endoscopic camera (b).

Table 2.1 – State-of-the-art methods described in the introduction regarding
camera response characterization. From left to right: the methods; weather the
method can be used with a single-image; whether the method allows for flexible
camera setting and/or pose throughout the calibration procedure; whether it can
cope with near lighting setups; the camera model used (CRF – camera response
function; M – color mapping; LUT – 3D look-up table); whether it performs
photometric calibration. Note that photometric calibration requires the use of a
calibration target and that single-image based methods do not require variable
camera settings.
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photo collections [16, 30] 7 3 7 CRF 7

variable exposure [15, 36] 7 7 3 CRF 7

single-image [32, 38, 33, 61] 3 3 7 CRF 7

photometry [25, 20, 17] 3 3 3 M 3

Wu et al. [63] 7 7 3 CRF 3

Kim et al. [52] 7 7 3 CRF+M+LUT 7

Rodrigues and Barreto [45] 3 3 3 CRF 3

Rodrigues et al. [47] 3 3 3 CRF+M 3

Color Reproduction and Augmented Reality for Video-Based Surgical
Navigation

6



era model.

In this section, we will provide an overview of the classical calibration (CRF

estimation) and of the relevant works in the state of the art, and discuss why

these methods cannot be applied in the scenarios tackled in this work. Table 2.1

provides a summary of the methods and their requirements.

2.1.1 Conventional Calibration

Typically, CRF estimation is performed using multiple registered images of the

same static scene. For this, photo collections, e.g., a panoramic shot, can be

used to infer the CRF from the overlapping regions [16, 30]. In [16], authors

assume a distant light model for the parametrization. As for [30], the work

assumes that the vignetting is static and has a circular attenuation effect from

the lens center. Moreover, the light is assumed to be static relative to the scene,

whereas in our case the light moves with the camera.

Another possibility, and the one most often adopted, is using a perfectly static

camera and a static scene to acquire images at different exposure values [15, 36],

usually by varying the shutter speed. While this is a widely used approach, many

off-the-shelf cameras do not allow to manually set the shutter speed and, in

MIPs, it can be difficult to acquire multiple images in the same pose as these

cameras are designed to be handheld and must be sterilized. Kim et al. [52]

estimate a more complex camera model, but their method uses approximately

30 images, including same-pose images with different exposures and camera

settings.

Some single-image approaches for CRF estimation for uniform light have also

been proposed [32, 38, 33, 61]. These methods all have in common the assump-

tion that the light is uniform on the regions being analyzed in each method, and

this is hardly the case when dealing with near lighting (see figure 2.2).

As mentioned before, none of these methods work with more complete camera

models. Instead they limit the camera model to the CRF, which either means

that the authors are dealing with RAW data or that the cameras are not being

fully characterized.

2.1.2 Near-Light Set-Ups

Only a small number of works explicitly deal with near light set-ups. In [63],

the authors propose a method to estimate the CRF using 24 same-pose same-

exposure images each of a single-color patch of known albedo. However, this

Color Reproduction and Augmented Reality for Video-Based Surgical
Navigation

7



approach cannot be done on-the-fly in the OR, which is a major disadvantage

for application in MIPs. It is also not applicable in generic cameras for which

the shutter speed cannot be manually set. Moreover, like the conventional cali-

bration methods mentioned above, it has the drawback of using a camera model

with just the CRF. The methods proposed in [25, 20, 17] can also cope with near-

light set-ups. However, the authors assume the camera response is already in a

linear space. Therefore, instead of performing CRF estimation, the authors use

a 3 by 3 matrix to remap the RGB values of the camera.

2.1.3 Other RelatedWorks

Works in the color stabilization field aim to match the color properties of two

images with shared content [57, 19, 56, 58]. While this type of approach could

potentially be used in our scenario, these works do not aim to characterize the

camera. For example, in [58] the authors estimate what could be perceived as a

CRF and in [56] they estimate a 3 by 3 matrix. However, the estimated models

do not describe the camera in a canonical color space. Instead, these works aim

to match the tonal properties of two or more images, so that the images could

be perceived to be taken under similar circumstances, i.e., similar lighting and

camera settings.

2.2 Image Formation: Theory and Assumptions

In this section we will discuss the physics of image formation and the theory

behind its modeling, as well as the assumptions that are made in this work.

For a summary of the assumptions related to the image formation please see

section 2.2.1.

The image formationmodel can be conceptually divided in two parts: the physics

of the incoming light and the camera model. First, let us look at the physics

part of the image formation. The sensor irradiance adopted in this work is

e(x, λ) = v(x)q(x, λ)ρ(x, λ) (2.1)

as in [18, 21], where x are the pixel coordinates that correspond to the projec-

tion of a scene point, λ is the wavelength, v is the vignetting (a combination of

natural, optical, mechanical, and pixel vignetting), q is the light component re-

flected from the scene, and ρ is the albedo (color). For a trichromatic camera,

Color Reproduction and Augmented Reality for Video-Based Surgical
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the generic image acquisition process is

d (x) = f

α


∫
e (x, λ) sR (λ) dλ∫
e (x, λ) sG (λ) dλ∫
e (x, λ) sB (λ) dλ


 (2.2)

as in [64, 18], where f : R3 → R3 is a generic camera model that comprises any

non-linearities on the sensors and camera intrinsic processing, d = (dR, dG, dB)
T

is the acquired image, α is the exposure (a combination of sensor gains, shutter

time, and aperture), sc (λ) is the spectral sensitivity of the sensors on channel

c ∈ {R,G,B}. The equations present in this work generalize for other cameras

such as grayscale cameras and hyperspectral/multispectral cameras, but for an

easier read we will use RGB cameras in this description.

Since we are interested in calibrating the camera and, therefore, transform image

d to a new image in a canonical space, we are actually interested in modeling

the inverse of the camera model f−1. Note that f is not guaranteed to have an

inverse. In fact, it does not usually have one. However, f−1 is denoted here as

the best possible approximation of the inverse of f.

Furthermore, if one can assume that light component has the same spectrum

across all x, then

q (x, λ) = qx (x) qλ (λ) . (2.3)

In practice, this is the case for a single illuminant with constant spectrum, or

for multiple illuminants all with the same spectra. This can also be assumed in

a near light scenario where the intensity of the ambient light is negligible when

compared to the near lights. Another requirement for this assumption to be case

is that the bidirectional reflectance distribution function is the same for all x. In

that case, one can write

f−1
(
d (x)

)
= αv (x) qx (x)


∫
qλ (λ) ρ (x, λ) sR (λ) dλ∫
qλ (λ) ρ (x, λ) sG (λ) dλ∫
qλ (λ) ρ (x, λ) sB (λ) dλ


or

f−1
(
d (x)

)
= αv (x) qx (x)ρ

RAW (x) (2.4)

where ρRAW =
(
ρRAWR , ρRAWG , ρRAWB

)T
is the albedo of the scene as imaged under the

light of spectrum qλ in the RAW color space, i.e., the color space of the camera

sensors or, in other words, the color space before any in-camera processing.
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As for the camera model, the adopted f−1 entails a strictly increasing function

for each channel gc : R → R, the inverse CRF, followed by an invertible square

matrix Mm, the color transformation matrix. Formally,

f−1
(
d
)
= Mmg

(
d
)

(2.5)

where g
(
d
)
= (gR (dR) , gG (dG) , gB (dB))

T. While there has been some discussion on

the validity of this model [24, 11], it has been used with good results and has

been proven to be valid for most of the range of possible image values [52].

In this work, we are interested in performing photometric calibration which en-

tails the mapping of the color space of the camera with a 3 by 3 matrix Ms that

converts the values in a standard space related to the standard human observer,

such as the sRGB color space, to the camera space. This matrix cannot fully de-

scribe this transformation (Luther-Ives condition [59]). However, it is a widely

made approximation that is enough for practical purposes. Such matrix could

also have other dimensions and, in fact may not be a square matrix, e.g., the case

where one wants to map a trichromatic camera to a single-channel space or map

a hyperspectral camera to a trichromatic space. However, throughout this work

only square matrices are considered. Let us rewrite equation (2.4) as

f−1
(
d (x)

)
= u (x)ρRAW (x) (2.6)

where u (x), what we will refer to as the albedo-normalized irradiance, is com-

posed of exposure, vignetting, and the light effect on the scene, i.e.,

u (x) = αv (x) qx (x) . (2.7)

Using the camera model from equation (2.5), the color standardization matrix

as

ρsRGB = MsρRAW , (2.8)

and defining the color transformation matrix as M = MsMm = (mR,mG,mB)
T one

can finally write the image formation model as

Mg
(
d (x)

)
= u (x)ρsRGB (x) (2.9)

in a standard color space, in this case sRGB.

Figure 2.3 provides a schematic overview of the image formation and of the

calibration processes. In this figure, we show the light of an illuminant being
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Figure 2.3 – Schematic representation of the image formation process along with
how the calibration procedure goes from the acquired image to the sRGB color
space in order to create a corrected image. The calibration is represented by the
dashed red arrow.

reflected from the scene and entering the camera to form an image. We show

a schematic representation of how the equations change at each step and how

ρRAW, ρCAM, ρsRGB relate to each other. We also show how the calibration is used

to create a new corrected image d′ (dashed arrow).

Figure 2.4 provides a brief qualitative analysis to show how well the camera

model that we will be using (i.e., Mg(.)) describes an actual camera. In this

figure, we depict a comparison between two images of planar patches of a single

albedo, where the images were taken in the same camera pose. Since the albedo

is constant on each scene, the variations throughout the image d are due to the

vignetting and the amount of reflected light from the scene, i.e., the albedo-

normalized irradiance u(x). Also, since the camera pose and the illuminants are

the same for the two images being compared, the scalar function u(x) should be

the same for the two images. Therefore, as long as the camera model is valid,

isocurves on the two images being compared should be the coincident. They

would have different values, but the same position. This is expected because

the adopted camera model f−1 does not allow for constant values of u (x) to be

mapped to non constant values on the image side d (x). To test this hypothesis

we represent isocurves of different color patches in the same plot for comparison.

If the isocurves are coincident for all pairs of image channels and albedos, the

adopted f−1 should be valid. The isocurves represented in figure 2.4 were defined

by searching for pixels of same value on a specific image channel. The left
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column compares two low-saturation color-patch images to show that they are

coincident, even across channels. On the right column we compare a low- with

a high-saturation patch image. This shows that the isocurves of the two images

are similar but not coincident. This is because, in this case, the camera model

starts to be less accurate as the camera software tends to be more complex on

the saturated values. Color saturation did not seam to be the only factor, as

suggested in [52], since we were able to find two low-saturation patches with

deviations in the isocurves and we could also find a pair of a low- and a high-

saturation patches with coincident isocurves.

According to [52] a more accurate model for the camera must also include a

gamut mapping function R3 → R3, in the form of a 3D look-up table (LUT).

However, we will not explore this model, since our goal is to perform the camera

characterization with a single frame and to estimate a full 3D LUT we would

need a wide range of data points. For comparison, to model a camera Kim et al.

[52] use 30 images, including same-pose images with different exposures and

camera settings.

2.2.1 Assumptions

In summary, the light component q is assumed to have the same spectrum for

all x, and the ambient light is assumed to negligible. This can be experimentally

guaranteed by inserting the calibration target within a black box and performing

the calibration there.

Regarding the assumptions about the calibration target, the surfaces do not have

to be Lambertian. Yet, the BRDF must not change across albedos, which could

happen if the surface properties change. In other words, we assume that the

material has the same properties throughout the calibration target.

The exact number of colors that are needed for the calibration target varies with

the model that is used. If only the CRF needs to be estimated or, in other words,

the color transformation matrix M can be assumed to be diagonal, only two

colors are needed. Three colors must be used if a full M3×3 is to be estimated.

For a matrix of generic size the number of colors needed is equal to the number

of columns of the matrix.
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Figure 2.4 – Comparison of the isocurves of real images acquired using an en-
doscopic lens. The columns show the comparison between images of: (a) two
low-saturation color patches, and; (b) a low-saturation and a high-saturation
color patches. From top to bottom: the color-patch images being compared, the
comparison between isocurves of the green channels of the two patches (lines—
first image; crosses— second image), and the comparison between the isocurves
of the green channel of the first patch with the red channel of the second patch
(lines — first image; crosses — second image). See text for additional insight.
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(a) d (x) (b) ρsRGB (x)

Figure 2.5 – An image of a 5-color calibration grid (a) and the corresponding
segmentation into regions of constant albedos (b) color-coded with the true
sRGB values. Black pixels occur when albedo information is not available.

2.3 Camera Characterization

In this section we will discuss a preliminary work [45] and how that work can

be extended to estimate both the CRF g and the color transformation matrix M.

For an easier reformulation for other types of cameras (e.g., different number

of channels) and other color spaces, the channels of the acquired image will be

indexed by the letter c and the elements of ρsRGB (the channels of the corrected

image) will be indexed by the letter s. But note that usually s ≡ c, because, for

most cases, one wants to map from an RGB space to sRGB, which have equivalent

number of channels and channel names.

In [45], we propose the use of a single-image of a two-albedo (white and gray)

target with known albedos to estimate the CRF. In both the preliminary work and

what we propose with this work, wemust perform estimation of isocurves, which

will be explained in section 2.3.2. While the preliminary work only uses two sets

albedo patches, the method proposed in this work was generalized to include

more albedos so that the isocurves of u can be determined more accurately.

2.3.1 Segmentation

The proposed approach lies on the assumption that we have a scene of amultiple-

color surface. We have used a planar multiple-color CALTag grid [2] geometri-

cally calibrated with the method proposed in [35]. We do not need it to be planar

nor a grid for the framework to succeed, but we do need to segment the scene

into regions of constant albedo. We have chosen this grid to be able to perform

both the geometric and photometric calibrations with a single image. The fact

that this type of grid has tags in each square also allows for easier localization
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of each specific square and to ensure that a specific tag corresponds to a specific

albedo.

Having used the method proposed in [35] to obtain the geometric calibration

of the scene and the camera, the segmentation is straightforward. Since the

positions on the scene plane of every fiducial marker and grid corner are known

or can be easily estimated, we can warp the grid to the image plane. This warped

image is itself our segmentation.

A morphological erosion is then performed to the segmented regions of each

albedo to avoid problematic albedo boundary regions. On these regions, it is

a possibility that the image values are influenced by optical and motion blur,

chromatic aberrations, and demosaicing inaccuracies. Segmentation inaccura-

cies could also be another problematic factor on boundary regions.

Figure 2.5 shows a CALTag grid and its segmentation.

2.3.2 Isocurves Estimation

To use a single image for camera response characterization, we seek to find,

within the same image, pairs of pixels where one could write equations in-

variant to the vignetting and the light effect. On a single-image approach, one

cannot expect to find regions where both are constant without modeling them.

However, in fact, we do not need to be invariant to both effects, only to their

joint effect u (x). In this way, we are able to build a system of equations where

the only unknowns are the CRF and the albedos, without making assumptions

about the vignetting or the light behavior on the scene. This is of crucial im-

portance for our set-up, since the vignetting is not always central (as with most

set-ups) and the lights are at close range, are typically not punctual (see fig-

ure 2.2), and may not be isotropic [14].

Let us define the albedos in yet another color space, the color space of the image

d, as ρCAM such that

ρRAW = MmρCAM . (2.10)

This color space differs from the RAW color space due to in-camera processing

(see figure 2.3).

The particular case where the color transformation matrix Mm is approximated

by a diagonal matrix has been addressed in [45], and we will build on this ap-

proach to eliminate this assumption.

For an easier understanding of the equations that follow, it is helpful to think of

u (x) as being the image that reaches the camera sensors but without any color
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information (whether from light sources or from the actual scene). By definition,

an isocurve of u (x) will contain points x with the same value of u (x). Note that

the points in an isocurve of u (x) may correspond to pixels with different values

in the actual image d (x) since albedo information is present there. With this in

mind and using equations (2.8), (2.9) and (2.10), if M is invertible, one can write

gc (dc (x)) = u (x) ρCAMc (x) (2.11)

and, on the ith isocurve of u,

u(xj) = κi =
gc(dc(xj))

ρCAMc (xj)
, j ∈ Li (2.12)

where Li is the set of pixels crossed by isocurve i and κi is a constant (the value

of the isocurve). Such is true for all c and for whatever albedo is crossed by

the isocurve. If a curve i passes through multiple albedos one will have, for an

albedo pair, ρn and ρn′,

ρCAMc′,n′ gc(dc(xj)) = ρCAMc,n gc′(dc′(xk)), j ∈ Li ∩ Aρn
, k ∈ Li ∩ Aρn′ (2.13)

where Aρn
is the set of points with a specific albedo ρ(x) = ρn. Equation (2.13)

will then be used for the single-image CRF estimation. Note that c, c′ ∈ {R,G,B}

and thus c and c′ are both channel indices. c′ is used to show that the equations

can be written by combining different channels or different albedos.

See figure 2.6 for more intuition on the image formation process and how it

relates to the isocurves of u (x). This figure shows a synthetic grayscale image

and each individual component that form the image. Figure 2.6(a) shows how

the vignetting v(x) and the light component q(x) combine to form the albedo-

normalized irradiance u(x). It then shows what u(x) combined with the albedo

looks like and, finally, what a CRF does to that combination to create the final

image. Figure 2.6(b) shows the same process for an isocurve of u(x).

Since u(x) is not known, we need to evaluate how its isocurves behave on the

image d(x). From (2.12), it is clear that, for a given albedo, an isocurve in the

sensor irradiance is also an isocurve in the image d(x). In addition, along an

isocurve of u(x), Li, the image values form a piecewise constant function (with

a different constant value for each albedo).

In the image space we have a set of isocurves for each albedo. However, the

isocurves of d(x) for each albedo are the same and equal to the isocurves of u(x),

except for its value. The same is true for the one albedo and different image
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(a)

v (x)

qx (x)

u (x)

u (x)ρRAW (x)

d (x)

(b)

Figure 2.6 – Values (arbitrary units) of each image component showing the for-
mation process of an image of a checkerboard along (a) a horizontal line and (b)
an isocurve of the albedo-normalized irradiance u (x). For this example we used
a synthetic grayscale image of a two-albedo checkerboard. Please refer to the
text, specifically equations (2.4) and (2.6), for details on each image component.
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color channels. Thus, to find the isocurves of u(x), it is reasonable to fit a single

surface µc,n to the image along one albedo ρn and channel c. If there is a single

color suitable to fit µ across the whole calibration target, then a single color may

be used. However, for better results, all albedos and all channels can be used.

Let us approximate the image along one of the albedos n and channel c by a

generic model µc,n where the isocurves are known or can easily be extracted. We

can write for two albedos on the image space

dc(xj) ∼ µc,n(xj), j ∈ Aρn
(2.14a)

dc′(xk) ∼ µc′,n′(xk), k ∈ Aρn′ . (2.14b)

From before, we know that the isocurves of µc,n(x) and µc′,n′(x)will have the same

shape as the ones in u(x) but with different values. The shape of the surfaces

represented by the models are different, since the step between isocurves varies

from one formulation to the other, but the isocurves are the same. One can show

that the two models are related by

dc′(xk) ∼ µc′,n′(xk) (2.15a)

g−1c

(
ρCAMc,n

ρCAMc′,n′
gc′(dc′(xk))

)
∼ µc,n(xk) (2.15b)

hc,c′,n,n′(dc′(xk)) ∼ µc,n(xk), k ∈ Aρn′ (2.15c)

where hc,c′,n,n′ is a positive and monotonically increasing function that is used to

transform the model µc′,n′ into the model µc,n. This function h is the equivalent of

having a gain for each isocurve value for the points of the albedo ρn′ on channel

c′, to be able to use only the model µc,n for both albedos using equations (2.14a)

and (2.15c).

We have used a polynomial model as µc,n, i.e.,

µc,n (x;p) = x̂Tp,

where p are the polynomial coefficients and

x̂ =
(
1, x1, x2, x

2
1, x1x2, x

2
2, . . .

)T
.

The isocurves can then be extracted as the level sets of the polynomial. This is

done by searching the polynomial function for points x where the polynomial is

constant.
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(a) (b)

Figure 2.7 – A depiction of (a) the estimated µc,n (x) (a surface with the same
isocurves as the albedo-normalized irradiance u (x)) and (b) the calibration grid
image superposed with some of the isocurves.

As for the linear system of equations to be solved, for predefined c and n (e.g.,

green channel and white albedo), it is defined as

∀j ∈ Aρn
,∀c′,∀n′,∀k ∈ Aρn′ :

x̂Tj 0T

x̂Tk −sT(dc′(xk))

 p

hc,c′,n,n′

 =

dc(xj)

0

 (2.16)

where h is a discrete array version of the function h and s(n) is sparse vector with

a single value of 1 on the element n. This is solved by minimization of the least

squares with quadratic programming. We also constrain the various instances

of h to be monotonically increasing by introducing additional equations that

force the local derivatives to be positive. The polynomial used was of the 6th

order (28 parameters). However, this can be altered to meet the requirements

of other calibration scenes.

An example of the determined isocurves can be observed in figure 2.7.

2.3.3 Model Estimation

Having determined the isocurves, to estimate the camera model one would want

to minimize the residuals derived from equation (2.13), and equations (2.8) and

(2.10), as

∀i,∀s, ∀s′, ∀n, ∀n′ : ei,n,n′,s,s′ = ρsRGBs′,n′ mT
sg
(
di,ρn

)
− ρsRGBs,n mT

s′g
(
di,ρn′

)
(2.17)

where di,ρ is the median value of the image values on isocurve i and albedo ρ.

However, this a nonlinear programming problem that can be hard to solve and

time-consuming.

In [45], M is assumed to be diagonal and thus the problem can be estimated per
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channel using convex optimization by minimizing residuals of the form

∀i,∀s, ∀n,∀n′ : ei,n,n′,s = ρsRGBs,n′ gc
(
dc,i,ρn

)
− ρsRGBs,n gc

(
dc,i,ρn′

)
(2.18)

with s = c as ρsRGB = ρCAM.

In this work, we propose the estimation of the CRF and M in an iterative process

of two convex-optimization steps. The CRF is initially assumed to be linear, i.e.,

∀c : gc(d) = d. Then, in each iteration, M is computed in a convex optimization

framework using equations derived from equation (2.9) as

∀x :
[
ρsRGB (x)

]
×
Mg

(
d (x)

)
= 0 (2.19)

where [·]× denotes the skew-symmetric matrix. This is followed by the estima-

tion of g, which can be done with equations very similar way to equation (2.18).

However, for robustness we have decided to introduce inter-channel equations.

In other words, instead of only combining equations for different albedos (where

u(x) is constant) to exclude u(x) from the equations, we combined equations

from different channels as well.

The albedos are updated using equation (2.10) and the values used for M are the

ones computed on the previous step. The residuals to minimize then become

∀i,∀c,∀c′, ∀n, ∀n′ : ei,n,n′,c,c′ = ρCAMc′,n′ gc
(
dc,i,ρn

)
− ρCAMc,n g′c

(
dc′,i,ρn′

)
. (2.20)

At the end of each iteration, a metric is computed to ensure the method is con-

verging to a solution. The metric used was the average angle between the albedo

vectors ρsRGB and their respective corrected image pixel Mg
(
d
)
, which should be

co-linear. The angle θ, as computed between the vectors ρsRGB and Mg
(
d
)
, was

used instead of an euclidean distance or a traditional color metric because the

estimation is performed up-to-scale due to u (x). This iterative process contin-

ues until there is no longer improvement on the metric or a fixed number of

iterations is reached (50 iterations).

This approach is scalable with additional images. Even images with different

exposures, different poses, and changes in the vignetting (due to changes of

zoom and/or aperture) can be used to augment the number of equations. Addi-

tional images would provide additional equations that can be grouped together

to potentially achieve a more robust estimation.

There is no need for both the light to be non-uniform on the scene and the

vignetting to be strong. Either one is sufficient and, while the method benefits
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from these effects, neither is mandatory. If the calibration albedos cover the

range of possible values, good results can be obtained as long as there is a slight

variability enough for isocurves to be obtainable (for instance, a scene under

sunlight with a faint shadow).

2.3.4 Parametrization

Since no assumption is made on the form of the CRF g with the isocurves ap-

proach, one is not bound to a specific CRF model. In fact, equation (2.20) can

rewritten using specific parametrization for each gc (e.g., polynomial) or in a

non-parametric way. In this work, we use a non-parametric formulation for

the CRF g.

The isocurves may not define equations for all values in the 0-255 range of

image pixel values for the CRFs gc (dc). Therefore, after estimating the camera

model with non-parametric CRFs, thesemust be handled to fill values that might

be missing, especially in the larger and lower values of this range. With this

in mind, the CRF is parametrized with the Empiric Model of Response [23], a

linear basis model obtained by using principal component analysis in real CRFs.

Please check algorithm 2.1 for a summary of the steps of the camera character-

ization procedure.

Algorithm 2.1 Camera characterization algorithm.

1: image acquisition
2: geometric calibration
3: segmentation
4: estimation of h(x) — equation (2.16)
5: level sets
6: 2-step estimation of M and g, the camera model — equations (2.19) and

(2.20)
7: parametrization of g

2.4 Experimental Validation

For the experimental validation we evaluated the color accuracy, CRF accuracy,

and CRF repeatability using endoscopic and non-endoscopic set-ups.

Three endoscopic datasets were acquired along with a cellphone camera and a

monochromatic camera to showcase the applicability to generic cameras and

single-channel cameras:
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1. PointGrey Flea3 (FLIR Systems, Wilsonville, OR) CMOS camera with a 30◦

Stryker (Stryker Corporation, Kalamazoo, MI) endocopic lens and a Smith

& Nephew (Smith & Nephew plc, United Kingdom) light source connected

through the built-in light guide

2. PontGrey Grasshopper2 CCD camera with a laparoscopic lens and an exter-

nal lamp light

3. Sentech (Sentech co. ltd., Kanagawa Prefecture, Japan) CMOS camera with

a 30◦ Dyonics (Smith & Nephew plc) endocopic lens and a light source con-

nected through the built-in light guide

4. Cellphone (Samsung S6 Edge - Samsung Electronics co. ltd., South Korea)

CMOS camera with the built-in LED flash turned on

5. PointGrey Dragonfly monochromatic CCD camera with a lamp as the light

source

The CALTag checkerboard albedos were obtained with a iWave WR10 (iWave Sys-

tems Technologies, Bangalore, India) colorimeter.

Throughout the experimental results we compare the method proposed in this

work (referred to as isocurves-MCRF) with themethod presented in [45] (isocurves-

CRF) and a fourth method (direct-M) where only M is estimated according to

equation (2.19). The latter is essentially the first step of the iterative 2-step op-

timization proposed before. In it the CRF is assumed to be linear and thus no

isocurves are necessary.

We also compare our methods to our implementation of the Wu et al. [63] ap-

proach, which requires the acquisition of same-pose same-exposure images of

multiple single-albedo patches with known albedo values. Since the camera

pose is static and the exposure is fixed, the only quantity that changes between

images is the albedo. The authors assume that M is diagonal and they estimate

each gc function independently. To allow the comparison to this work, for each

dataset that we acquired, in addition to the CALTag chart images, a sequence of

images of the X-Rite (X-Rite, Inc., MI) ColorChart was acquired under the cir-

cumstances required by the method.

For all methods, the acquisitions were performed with ambient light present.

There were no other illuminants close to the calibration scene, but there was

indirect sunlight present in the scene.

The computational time of the isocurves-MCRF method was of approximately

12 seconds for 17-albedo 1600x1200 image using a MATLAB/C++ code developed
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Figure 2.8 – Repeatability of the CRF estimation for the different approaches.
The plots show the distribution and the boxplot of the distance to the median
CRF. See text for more details on the metric.

for research purposes only and that has not been optimized for speed.

2.4.1 Color Accuracy and Repeatability

To assess the repeatability of the CRF estimation we present the histograms

of the distance to the median CRF. For such metric, we performed the cam-

era model estimation for all cameras and all poses. Since the camera models are

estimated up to a global scale factor, the relative factors must be estimated for

a fair comparison. Thus, for each camera, the CRFs of the red, green, and blue

channels are aligned across the estimations on different camera poses, by esti-

mating a single global scale factor for each pose. Then, the median CRF across

poses is computed and subtracted from the estimated CRFs. The violin plot of

figure 2.8, shows the distributions and boxplots of these differences from all

datasets, all poses, all three channels, and all values in the pixel value range.

Figure 2.9 shows the median and the inter-quartile range across different poses

for the CRF estimation.

Using less calibration images reduces drastically the repeatability of the Wu et

al. method, as shown by the distributions of figures 2.8 and 2.9. For our method,

these results show that additional images and additional albedo regions only
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(a) camera 1 (b) camera 2 (c) camera 3

Wu et al.

isocurves-CRF

isocurves-MCRF

Figure 2.9 – Median and inter-quartile range for the inverse CRFs for the (top
to bottom) red, green, and blue channels of estimated for each dataset. Wu et al.
approach was computed with 22 colors/images and the single-image approaches
were computed with a single image of a 17-color target.
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marginally improves repeatability. However, good repeatability is already ob-

tained with a single image and fewer colors.

To evaluate color accuracy we use twometrics: θ, computed as the angle between

the albedo vectors ρsRGB and their respective corrected image pixel Mg
(
d
)
; and

∆u′v′, usually known as chromaticity distance. The latter is the euclidean dis-

tance in the u′v′-space, which can be obtained directly from the sRGB. Note that

more standard color metrics like ∆E∗
00 [53] cannot be used because the colors are

being compared up-to-scale, due mainly to the near light on the scene. Since

the light is not constant on the scene, as it would be in a direct sunlight set-up,

the pixel values cannot be compared without estimating a scale factor for each

pixel. Another reason is that we are estimating the camera model up-to-scale,

therefore at least one global scale factor would need to be further estimated for

color comparison. Both the θ and the ∆u′v′ provide comparison between colors

with invariance to their ”lightness”.

Color accuracy was evaluated using the X-Rite ColorChart. The single-albedo

images were used for testing the camera calibration performedwith the isocurves-

MCRF method, the isocurves-CRF method, and the Wu et al. method [63]. Wu et

al. method was evaluated using a cross-validation approach. Pixels with values

in the lower 10% of the 0-255 range have been discarded as these will be greatly

affected by noise and thus will generate metrics that do not necessarily represent

the data. Moreover, perceptually, the color mapping of the lower values is less

important. For qualitative evaluation of the color accuracy, figure 2.10 presents

the test pixel values after being corrected with the estimated model against the

ground truth chromaticity from the X-Rite ColorChart. For sake of comparison,

we also show the values of the original image without calibration, i.e., simply

assuming that camera is already in sRGB.

Table 2.2 shows a summary of both the CRF repeatability and the color metrics.

As already shown in figure 2.8 and confirmed in table 2.2, in terms of CRF re-

peatability, the isocurves-MCRFmethod presented here is able to achieve similar

results to the 22-image approach.

Although Wu et al. approach linearizes the color space by estimating a CRF, it

performs worse, in terms of color accuracy, than the other methods evaluated

here. In fact, like the isocurves-CRF method, it even shows to have worse color

accuracy than the original image. This happens because, in both methods, M is

assumed to be diagonal.

The estimation using the direct-M approach, i.e. the estimation of M assum-

ing that ∀c : gc are linear, is purely color driven. This explains the fact that the
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Figure 2.10 – Ground truth color points and respective corrected image pixel
values in the chromaticity space. Note that Wu et al. was tested using 22 images
and 22 colors, and the other methods were tested using one image and 17 colors.
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Table 2.2 – Metrics of chromaticity distance and repeatability for the camera
characterization methods across the three datasets. The table shows the average
and standard deviation for both the ∆u′v′ and the θ metrics. The average inter-
quartile range (IQR) metric used to assess repeatability is also presented.

# albedos /
∆u′v′ θ IQR

# images

before - / - 0.171± 0.100 0.029± 0.022 -

Wu et al. [63]
2 / 2 0.394± 0.154 0.064± 0.020 0.104

22 / 22 0.193± 0.097 0.029± 0.014 0.005

direct-M 17 / 1 0.131± 0.077 0.021± 0.014 -

isocurves-CRF
2 / 1 0.182± 0.118 0.027± 0.019 0.008
17 / 1 0.177± 0.101 0.026± 0.017 0.009

isocurves-MCRF 17 / 1 0.139± 0.073 0.022± 0.013 0.006

method is able to achieve a better color metric. The cost function used for esti-

mation of M comes from equation (2.19), which allows for the estimation of M

to be done by writing equations that only take into consideration color accuracy

and do not compare colors at different brightness values. On the one hand, this

method is able to benefit from having a cost function that does not favor cam-

era models that better linearize the color space. On the other hand, the method

does not linearize the space and, thus, it does not fully describe the camera. Our

method does linearize the color space while still obtaining an 20% improvement

of chromaticity distance.

To evaluate the repeatability of themethod when using general purpose cameras,

further tests were performed. Regarding single-channel cameras, to use our

method one must assume that the values of ρRAW are known. While we cannot

know in advance the spectrum of the camera and the light, mapping the sRGB

albedos to grayscale achieves good repeatability, suggesting that the spectra is

not as relevant as in trichromatic cameras with built-in software that perform

color mapping. Figure 2.11 shows the median and the inter-quartile range across

different poses for the CRF estimation using generic cameras.

As in the previous repeatability tests, the method is able to achieve good repeata-

bility as the inter-quartile range for the CRF estimation is barely noticeable.

2.4.2 Brightness Transfer Functions

For this test, we aim to compare our CRFs estimations to the actual CRF the cam-

era. However, theoretically valid evaluation of the CRF against ground truth is

non-trivial under near light, since a direct comparison to ground truth albedos is
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(a)

(b) (c) (d)

Figure 2.11 – Median and inter-quartile range for the inverse CRFs for generic
cameras: (a) monochromatic camera; (b-d) red, green, and blue channels of a
cellphone camera. In red is isocurves-CRF method and in blue is the isocurves-
MCRF method.

not possible. For a fair comparison we used brightness transfer functions (BTFs)

and a single-channel camera so the color mapping and the albedo values do not

influence the results. From equation (2.4) we can derive for a monochromatic

camera its image formation model as

f−1 (d (x)) = αv (x) qx (x) ρ
RAW (x) (2.21)

where f : R → R is the single channel CRF. The BTF b between two same-pose

single-channel images of different exposures, d1 and d2, can be described as

d2 (x) = f−1
(
α2

α1
f (d1 (x))

)
= b (d1 (x)) . (2.22)

By plotting the pixel values of one image against the other one can compare to

our estimation of the BTF only by estimating the constant k that minimizes

ex = g (d2 (x))− kg (d1 (x)) . (2.23)

Figure 2.12 shows the BTF estimation results for a generic scene imaged with a

monochromatic camera with different poses and exposures.

The results show that the estimated BTFs follow the actual BTFs obtained directly
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(a) (b) (c) (d)

(e) pose 1 (f) pose 2 (g) pose 3

Figure 2.12 – BTF of a monochromatic camera for same-pose images at 4 dif-
ferent exposures. The top row shows the images taken at different exposures
for one of the poses. The bottom row presents the ground truth and the esti-
mated brightness transfer functions. Each color represents a pair of exposures,
and in black is our estimation.

from the camera. This gives a good indication that the estimated CRF is close to

the true camera CRF.

2.4.3 Color Discrimination

Color-based segmentation is used to perform image segmentation based on the

color information of the select pixel or group of pixels. Although this type of

approach is not usually used in the literature, it can be used here for to demon-

strate that camera calibration improves color accuracy and discrimination. With

a calibrated camera response, it is expected some improvements on this type of

application.

To segment an image based on the chromaticity of a region defined by a user,

we implemented a method that uses an hysteresis threshold on the euclidean

distance between the chromaticity of the user-defined region and the rest of the

image. This method is simple and does aim to compete with the state-of-the-

art on color-based segmentation. In contrast, this test aims to show that color-

based segmentation can be improved by calibrating the camera. Figure 2.13

shows the chromaticity-based segmentation both before and after calibration of

the camera response with the proposed method. It shows a clear improvement

in discerning between certain colors, leading to a more accurate segmentation
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(a) image (b) hand-drawn segmentation (c) segmented regions

Figure 2.13 – Color-based segmentation with and without camera calibration.
The top row is the original image as acquired by the camera and the bottom row
is image after correction to sRGB with the proposed calibration method. Note
that the segmentation in the top row struggles to differentiate between similar
colors, while the image in the second row provides better results.

of that particular color defined by the user. These results imply that if this

simple method can be improved by calibrating the camera, other methods, such

as unsupervised segmentation, can also be improved as long as it uses color as

a base for segmentation.

2.5 Applications

Two applications were chosen to showcase the potential of the presentedmethod:

SfS using generic cameras and color standardization application for MIP cam-

eras.

2.5.1 Shape-from-Shading

SfS algorithms require linearization of the camera space. To show the applica-

bility of our method, we have performed SfS, using a cellphone camera with its

built-in flash light on. We calibrated the camera device using our method and,

then, assuming a point light source (not centered in the lens) and the inverse

square law for the light falloff, we have used the method made available in [60].

Figure 2.14 shows the results of the reconstruction.
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(a) (b)

(c) (d) (e) (f)

Figure 2.14 – SfS using a calibrated cellphone camera: (a) the original frame,
(b) the reconstructed depths, (c-f) 3D reconstructions from different point-of-
views.
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(a) (b)

(c) (d)

Figure 2.15 – Laparoscopic video frames of similar anatomical cavities from two
MIP towers from different vendors: original frames (top), frame after calibration
and correction (bottom). Note that the corresponding colors in the bottom row
are perceived to be more similar.

2.5.2 Color Standardization

Regarding MIPs, one important application of the camera characterization is the

standardization between instruments from different vendors, which inevitably

have different camera response properties. Camera characterization is particu-

larly important when post-processing is applied that relies on color information.

This is very common inMIP systems. For instance, the visualization toolboxes i-

Scan (Pentax Medical, HOYA Corporation, Tokyo, Japan) and SPIES (KARL STORZ

GmbH & Co. KG, Tuttlingen, Germany) both use post-processing that manip-

ulates color. Figure 2.15 shows how our method can improve the color stan-

dardization between equipments of two different vendors (Storz and Covidien –

Medtronic, MN, USA) in abdominal laparoscopy.

The standardization shows noticeable color convergence after the camera re-

sponse correction, which consequently translates in color convergence in the

visualization mode.
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2.6 Discussion

In this work, we proposed a camera response characterization method than can

be used in cameras with vignetting and/or operating under near light. This

single-image method achieved good repeatability results, even better than with

Wu et al. method [63] that requires 16 images. It was also possible to obtain a

20% improvement on the color accuracy tests. The method is generic since no

assumptions are made about the vignetting, and is able to cope with a variety

of illuminant types and shapes. Another advantage of our method is that it is

easily scalable as more images lead to a new small set of equations that can

be stacked if needed. Moreover, if one needs better representation of the sRGB

colorspace, adding colors to the targets is the obvious approach. While, for Wu

et al. approach [63], defining a new color implies a new image, adding colors in

our method requires simply adding new regions to the same target.

The proposed method extends a CRF-estimation method to a more complete

camera model, while maintaining the single-image requirement. This is crucial

as it allows the employment of the method in the OR without disturbing the

clinical workflow, or for an easy use in consumer electronics such as cellphone

cameras.

As for limitations, our work depends on some assumptions that may not hold

in some scenarios. Specifically, the assumption that the illuminants must have

the same spectrum and that the ambient light is negligible. While these are

limitations to method presented here, they can be guaranteed in the calibration

set-up by using a controlled scene where the calibration target is inserted.
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3 ColorReproduction andCharacterization

of Display Monitors

Color gamut is the subset of visible colors that a color output device, such as a

display monitor or projector, is able to represent. Two display monitors usually

have different color gamuts, due to having different RGB primaries, different

ranges of luminance, and different in-monitor color mapping functions. This

is a critical point for applications that require color reproducibility on different

displays, since each display will represent differently the same image.

One application where color reproduction across displays is crucial is in arrays

of display monitors. It requires all the displays to be calibrated to each other

to avoid color inconsistencies. Professionals in the fields of digital photogra-

phy and design also need to perform display characterization and calibration

regularly. Color is also an important cue for diagnosis in medical applications

where imaging is an integral part of the diagnosis, such as medical endoscopy.

If a practitioner is used to a display with a specific color gamut, a change to a

completely different display can interfere with diagnosis ability. In fact, display

calibration is known to significantly improve practitioner efficiency [3].

Display monitors are usually equipped with a control board that transforms the

input discrete logic levels (i.e., the RGB values image or frame to be shown) by

a given function. This board has internal memory that stores color parameters

which could be changed in a calibration scenario. The display calibration pro-

cess thus consists in finding the values for the parameters in order to obtain

a certain color response (e.g., the BT.709, a recommendation for HDTV from

ITU-R — Radiocommunication Sector of the International Telecommunication

Union). Currently, this calibration requires precise measuring equipment (e.g.,

a spectrometer) and a framework that is time consuming for the individual in

charge of the calibration procedure. For medical applications, besides the nec-

essary display characterization, display manufacturers often must produce new

displays with characteristics similar to the displays already deployed and known
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Figure 3.1 – DLSR stills of two displays showing the same input image: before
(top) and after (bottom) color reproduction correction of one of the displays.

by the physicians. This leads to a time-consuming trial-and-error process of

manual selection of the parameters available to the user, such as brightness,

contrast, and temperature.

The main goal of this work is to provide a fast and automatic color reproduction

framework for display monitors using a consumer camera. In other words, the

same image being displayed in two different displays provides different color

output results (see figure 3.1). Therefore, the goal is to estimate which is the

best transformation that can be done to the input image of one of the displays

so that its’ color output matches the other’s (see figure 3.2).

Literature has been published on the subject of projector display characteriza-

tion using specialized measuring equipment (colorimeters, spectroradiometers,

spectrometers) [51, 26, 10]. Display monitor characterization using specialized

equipment [9] has also been discussed in the literature. However, this special-
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Figure 3.2 – Schematic representation of the goal of the color reproduction
framework. The goal is to find which transformation must be done to the image
in the base display so that the color output of the base and reference displays is
similar.

ized equipment can be expensive and can lead to a tedious and time consum-

ing process for display characterization, where each color must be sequentially

shown by the display to be measured individually.

Cameras are known to be able to measure with acceptable accuracy the colori-

metric properties of display projectors [4]. Using a camera as a colorimeter has

the advantage of being able to take measurements of multiple color patches si-

multaneously. Therefore, a complete characterization of a display could poten-

tially be produced from a single photograph.

Regarding projector display characterization using cameras, the authors of [4,

54] propose a method that requires the user to visually define the mid-gray

level of the display, which introduces subjectivity. Other approaches [7, 6] are

targeted to multi-projector arrays where overlap and registration can be used

for performing matches between displays and estimating the required mapping

functions. Jung et al. [29] propose an automatic characterization of displaymon-

itors using cameras. However, they used a linear mapping for the calibration

and assume that the display monitors are similar in terms of overall luminance.

In Post et al. [39], the authors aim to calibrate an immutable camera-display

system where the display only shows the video streaming of one single camera.

That camera is used to calibrate the camera-display system. However, showing

images/frames from other camera equipment is not viable.
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The main contributions of the present work are a display monitor characteriza-

tion procedure using a single image taken with a consumer camera and a color

reproduction framework for matching the color properties of two or more dis-

play monitors that:

• reduces the execution time for display characterization to mere seconds,

while still using a comprehensive display model;

• allows for the relaxation of camera acquisition parameters, namely the ex-

posure and the distance to the displays;

• allows for color matching of displays with different overall brightness and

different levels of black;

• estimates a parameterized mapping function that outperforms the state-

of-the-art methods.

3.1 Overview and Models

To quickly recreate the colors of a reference display monitor in a base display,

the method proposed in this work will use a consumer camera (such as a digital

single lens reflex (DSLR) camera or a smartphone camera) to take a single photo

of each display, which are showing a known calibration image. Fig. 3.3 shows a

schematic representation of the process.

An exhaustive description of the method will be provided in section 3.2. First,

however, for an easier interpretation of the present work, this section defines

the notation used and the main model equations on which this work is based.

We discuss the assumptions about the radiometry involved in capturing an image

of a display monitor, we describe the display models that are used, as well as the

mapping function that is used to transform incoming images on the base display

for it to match the reference display. We also propose new images that will be

fed to the displays and specify the perceptual metric used in this work.

3.1.1 Camera Measurements

Since we will be using estimation procedures involving minimization of color as

measured by the camera, characterization of the camera response must be con-

sidered. Photometric calibration of the camera is not mandatory in our algo-

rithms. Modeling the display monitors without a calibrated camera, means that
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Figure 3.3 – Schematic overview of the display characterization and color repro-
duction framework.
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we will model the display and the camera together. As long as the same cam-

era is used for imaging both the base and the target displays, color reproduction

using our method is possible. The minimization space will be warped in rela-

tion to visual perception, but this is not crucial to obtain good results.

In this work, we use cameras shooting in RAW mode that are then transformed

to a canonical color space, the CIEXYZ, using dcraw [13]. For applications other

than color reproduction, the display characterization described in this work is

still feasible, however, photometric calibration may be required.

In addition, the cameras that are used do not suffer from significant vignetting

and, thus, it will not be considered throughout the rest of the work. Geometric

calibration of the cameras is also not considered in this work. It was observed

that it was not necessary as long as we use the calibration images that we pro-

pose.

3.1.2 Display Monitors

Regarding the display monitors, there are a few assumptions that need to be

satisfied experimentally. For imaging the display monitor we assume that there

are no external lights and that the monitor radiance is point-wise isotropic. The

latter may not reflect the reality for some types of monitors [9], but we minimize

this effect by fixating the camera far from the monitor and fronto-parallel to

the monitor. It comes that,

dXYZ (x) = αlXYZ (x) (3.1)

where dXYZ is the acquired image in the CIEXYZ space, x is a scene point (in this

case a point on the monitor), lXYZ is the radiance and α is the camera exposure.

For simplicity, the equation is written in the CIEXYZ color space, but it could

easily be extended to use other relevant color spaces.

Given the mentioned assumptions, the radiance can be then measured up-to-

scale directly by a camera. Additionally, modeling of a display monitor can be

done directly from the values measured by the camera.

In this work, we used a 3D LUT as a model for the display monitors. Note that

for a complete 3D LUT with 8-bit axis one would need 2563 measurements. This

is not feasible. Nevertheless, accurate representation of the display can still be

achieved with a minimum of 1000 measurements [54].

The camera has a striking advantage over the colorimeter/spectrometer, as it can

perform all 1000 measurements in a single image. This approach is impractical
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with other, more standard, measurement equipment, where only a single color

can be measured at a time. The 3D LUT is built directly from a single acquired

image d as a series of measurements, for instance 1000 different colors spread

out through the RGB space as explained in section 3.1.4. The remaining values

are retrieved by interpolation. We formalize the model as

dXYZ (x) = t
(
b (x)

)
. (3.2)

where b is the input image, i.e., the image fed to the display, and t is the 3D LUT,

an R3 → R3 function.

Other models were considered, such as the PLCC* and the PLCC model [54].

However, better results were obtained with the LUTs.

3.1.3 In-monitor Mapping Function

Not all operations are permitted for color correction in display firmware and/or

software dedicated for display. For instance, there is no 3D LUT in most dis-

play monitors firmware. There are only a few specific operations that can be

performed. In this work, it is assumed that the allowed operations are a ma-

trix multiplication, R3×3, followed by a function h, composed of three R → R

functions, one for each channel. Thus, to transform the input image b to a new

image b′ that compensates for the differences between two monitors, we have

b′ = h
(
Rb
)
. (3.3)

In this instance, we have used 4th-order polynomials for function h, as it pre-

sented a good trade-off between complexity and results.

Although this is not a standard transformation, this is can be used in many dis-

play manufacturers as it is composed by traditional color operations and gamma

curve manipulations. Our method, however, is not closed off to other mapping

functions. In fact, we have also tested another mapping where only the matrix

multiplication is used, as in [29]. Formally,

b′ = Rb. (3.4)

3.1.4 Input Calibration Image

The input image used for display characterization is shown in figure 3.4. The

image has 1000 color patches that correspond to the values on a 10 by 10 by
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(a) input image

(b) reference display (c) base display

Figure 3.4 – Image fed to the display monitors for display characterization: (a)
1000-color image used for modeling the display models and to estimate the
parameters for color reproduction mapping; (b) example of an image acquired
with a DSLR camera of a reference display showing the characterization image;
(c) example of an image acquired with a DSLR camera of a base display showing
the characterization image.

10 grid in the RGB color space. Each patch is surrounded by gray patches to

reduce spatial overlap between colors due to camera blur and/or defocus, and

to attenuate spatial color variation present in some display technologies. For

instance, a pure black patch surrounded by red pixels can have a different reading

than one surrounded by green pixels.

Another potential source of error is when there is no consistency across the entire

display. For example, due to a non-uniform backlight in LCDs. This could

lead to changes in the measured colors in some regions of the display. The gray

patches could also be used to normalize for this aspect. However, in our tests,

as long as the camera is fronto-parallel and far from the display monitors, this

operation was not necessary. Positioning the camera in such way also ensures

that, from the point view of the camera, violations in the assumption that the

display radiance is point-wise isotropic, are less noticeable.
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3.1.5 Perceptual Metric

The u′v′ chromaticity plane provides a good two-coordinate color description. It

can be directly transformed from the CIEXYZ color space. Within this color plane,

the perceived difference between two colors can be expressed as an euclidean

distance, ∆u′v′
(
d1,d2

)
. This metric can effectively be used as a color distance

metric [12], and will be used to quantitatively evaluate themodels and to perform

display matching.

3.2 Color Reproduction

To achieve color reproduction we combine the concepts disclosed in the previous

sections. For an overview of the complete process, please check algorithm 3.1.

Before any optimization, the single-framemeasurements acquired with the cam-

era must be transformed into a LUT. The LUT is populated with the median pixel

values taken from the corresponding color patches shown on screen. This is

done for both the base and the reference displays. Since we are using the 1000-

color image proposed in section 3.1.4, we end up with LUTs that have 10×10×10

triplets of XYZ values. In this work, we use linear interpolation to obtain the

remaining values since more complex interpolation methods did not seem to

provide better results.

Algorithm 3.1 Display monitor color reproduction algorithm.

Require: look-up table for reference display, treference
1: obtain look-up table for base display, tbase
2: estimate κ1 and κ2 — equation (3.8)
3: estimate R and h−1 — equation (3.10)
4: estimate h — equation (3.10)
5: non-linear refinement of R and h — equation (3.11)

The goal of the color reproduction procedure is to find what new image b′ (x)

must be given to the base display so that the measured LUTs of both the base

and the reference displays are equivalent. For simplicity, let us first define bρ

and b′
ρ as a shorthand for the colors being displayed in patch ρ of, respectively,

the images b (x) and b′ (x). Formally,

bρ = b (xi) , ∀i ∈ Pρ

b′
ρ = b′ (xi) , ∀i ∈ Pρ
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where Pρ is the set of pixel indexes that correspond to a color patch ρ. Then,

tbase
(
b′
ρ

)
≡ treference

(
bρ

)
, ∀ρ (3.5)

where tbase and treference are, respectively, the measured LUTs of the base and

the reference displays. In fact, we must know, not only b′, but how b′ can be

obtained from b. Combining (3.3) and (3.5) we have that

tbase
(
h
(
Rbρ

))
≡ treference

(
bρ

)
, ∀ρ. (3.6)

The unknowns are the in-monitor mapping function, composed by the matrix

R and the polynomials h. However, we still need to define how the comparison

between the two displays must be performed.

There are multiple factors that must be considered when comparing two dis-

plays. Among the factors that make this comparison non-trivial is the variable

camera exposure. The gamuts of the displays are also important in this compar-

ison. Not only the color gamut defined by the 3 primary colors of the display but

also the full 3D gamut of the display. The gamut of display is in reality defined,

not only by its primary colors, but also by the brightness range for each color that

can be represented. Different displays can have very different overall brightness

values (e.g., cellphones and some medical displays have more brightness than

other traditional displays). How black is the pure black of a display is another

factor that must be taken into account (e.g., OLED displays can achieve darker

levels of black than other types of displays). The full 3D gamuts must be consid-

ered in the comparison, because the in-monitor mapping function that we need

to estimate should not change the overall brightness of the base display or how

dark the black level is, which would happen if a direct comparison of the two

display were to be used. This is not desirable because, in the one hand, brighter

displays should not lose their brightness when being matched to a reference

with less brightness, on the other hand, a base display with less overall bright-

ness cannot be matched directly to a brighter reference. Similarly, a darker pure

black is a desirable characteristic that should not be changed to accommodate

a reference with a brighter black level. Additionally, camera exposure and dis-

tance of the camera to the display can also have an effect similar to differences

in brightness between the displays. The present work aims to achieve display

monitor color reproduction without the need to have static camera exposure or

to have similar displays being photographed at the same distance. This allows
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for color reproduction of a wide variety of displays and relaxation of acquisition

settings. All these factors haven been taken into consideration when defining

how to compare the LUTs of two displays.

Nonlinear optimization is used to estimate the in-monitor mapping function.

In this way, we are able to perform the optimization with a cost function related

to the human perception of color differences. However a good initialization

is required for good results and fast optimization. To perform the comparison

between the two LUTs in both the initialization and nonlinear refinement stages,

two unknown scalars were introduced, a scaling and a shift. These scalars will

compensate for the differences in the camera exposures, in the distances of the

camera to the display, in the brightness of the pure black of the displays, and in

the overall brightness.

3.2.1 Initialization

The initialization is performed in three optimization steps.

The first step is to match the codomains of the two LUTs. To compare the two

LUTs in the initialization stage we define

tbase (.) = κ1 + κ2treference (.) (3.7)

where κ1 and κ2 are unknown scalars, the aforementioned scalars for scaling and

shift. These scalars are estimated using L2-norm with equations of the form

tY,base (.) = κ1 + κ2tY,reference (.) (3.8)

where tY, an R3 → R function, is the Y channel of the LUT t. The reasoning

for using the channel Y instead of using a quantity that better relates to human

perception, such as lightness L∗ (CIELUV), is that this change would require the

definition of a white point, which is not crucial for our approach. The values that

are outside the common codomain are ignored for the rest of the initialization.

From (3.6) and (3.7), we can write

h
(
Rbρ

)
= t−1

base

(
κ1 + κ2treference

(
bρ

))
, ∀ρ. (3.9)

At this point the right hand side of the equation is fully known/initialized. It

will be denoted as b′
ρ
∗, as this could be used for a first approximation of b′ (x).
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Thus,

h
(
Rbρ

)
= b′

ρ
∗
, ∀ρ. (3.10)

For the second step, the set of equations defined in (3.10) can used to estimate R

and the inverse of h, one channel at a time, without additional unknowns. This

convex optimization problem was performed with quadratic programming and

linear inequality constraints on the monotonicity of the polynomials.

Finally, in the third step, the direct h is estimated using the matrix R that was

estimated in second step. This estimation of h is necessary since the polynomials

used for h−1 are not invertible. In this way, we are able to estimate R without

assuming a linear h, which in turn gives a more accurate initialization for both

R and h. The estimation in the third step is also performed for each channel

independently, using quadratic programming and linear inequality constraints

on the monotonicity of the polynomials.

3.2.2 Nonlinear Refinement

For the nonlinear optimization the cost function we will be composed of two

metrics: the aforementioned perceptual metric and ametric comparing the bright-

ness of the color patches. This second metric ensures that the relationships

between the color patches are maintained. Without it, the brightness of the

colors could lose its meaning.

The comparison used here to match the codomains of the two LUTs takes the

form of (3.8). It still uses a shift κ1 and scaling κ2 in the Y channel. However,

κ1 and κ2 are not refined for. They are taken as constants for the nonlinear

refinement.

The optimization problem can be written as

min
h(.),R

1

Nρ

∑
ρ

εchromaticity
ρ

(
h (.) ,R

)
+ λ

1

Nρ

∑
ρ

ε
brightness
ρ

(
h (.) ,R

)
(3.11)

with

εchromaticity
ρ

(
h (.) ,R

)
= ∆u′v′

(
tbase

(
h
(
Rbρ

))
, treference

(
bρ

))
(3.12)

and

ε
brightness
ρ

(
h (.) ,R

)
=
∣∣κ1 + κ2tY,reference

(
h
(
Rbρ

))
− tY,base

(
bρ

)∣∣ . (3.13)

Within the cost function, some values of transformed image b′ (x) (see (3.3)) may

be outside the range of possible values. We used absolute colorimetric rendering
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(a) (b)

Figure 3.5 – Images fed to the display monitors: (a) the image with 128
randomly-chosen colors that was used for quantitative assessment of the mod-
els and the mapping; (b) the image with 12 colors used for qualitative visual
assessment.

intents to bring them back into the cube of possible values.

Note that κ1 and κ2 are only used to compare the two LUTs. They will not be

used after the optimization is performed. Only R and h are needed.

3.3 Experimental Validation

In this section, we will discuss the evaluation procedures and their results.

The cameras used in this work were: (C1) a digital single-lens reflex Canon EOS

600D (Canon Inc., Tokyo, Japan) with a standard Canon EF-S 18-55mm F3.6-5.6

IS II lens, and; (C2) a smartphone camera, the OnePlus 7 (OnePlus Technology

Co., Ltd., Shenzhen, China) built-in camera.

The monitors used for evaluation are: (D1) an ASUS N56VZ (ASUSTeK Computer

Inc., Taipei, Taiwan) laptop display; (D2) an ASUS ROG GL553V laptop display;

(D3) an OnePlus 7 OLED display; and (D4) the same ASUS ROG GL553V dis-

play with manual color settings. For experimental validation, in addition to the

1000-color image (see figure 3.4), two additional images were displayed in each

monitor and photographed by the camera. One image with 128 randomly gener-

ated colors (quantitative assessment), and another with 12 hand-picked colors

to match the colors used in the X-Rite (X-Rite, Inc., MI) ColorChart (qualitative

assessment). See figure 3.5.

A few values for the optimization parameter λ were tested (see equation (3.11)).
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Table 3.1 – Metrics of chromaticity distance for the display color reproduction
frameworks. Initial and final ∆u′v′ (average±standard deviation). Each line cor-
responds to a different display monitor pair. The lines are sorted by the percep-
tual metric obtained before corrections.

base reference before Jung et al. ours (R only) ours

D3 D2 0.028± 0.025 0.017± 0.019 0.013± 0.016 0.012 ± 0.016
D2 D3 0.028± 0.025 0.015± 0.013 0.013 ± 0.011 0.013 ± 0.011
D2 D1 0.039± 0.027 0.025± 0.028 0.018± 0.017 0.017 ± 0.016
D3 D4 0.045± 0.028 0.022± 0.018 0.016± 0.014 0.010 ± 0.009
D2 D4 0.051± 0.039 0.032± 0.029 0.017± 0.013 0.008 ± 0.006
D3 D1 0.056± 0.036 0.024± 0.019 0.020± 0.017 0.019 ± 0.016
D1 D4 0.057± 0.050 0.027± 0.024 0.018± 0.015 0.011 ± 0.009

The best results were obtained with λ = 1. Regarding the in-monitor mapping

function, 4th-order polynomials were used for function h.

3.3.1 Color Reproduction

For evaluating the color reproduction framework we resort to the 128-color in-

put calibration image. One shot of the display is taken with the camera before

correction and another after correction using the parameters R and h. For these

results, only the DSLR camera (C1) was used. Table 3.1 shows the results. For

comparison, we implemented a version of our approach where only a 3× 3 ma-

trix R is estimated as the in-monitor mapping function, as in (3.4), instead of

both R and h. We also provide baseline results using our implementation of the

method proposed by Jung et al. [29], which also estimates only a 3× 3 matrix.

The baseline method reduces the color perception metric by an average of 46%.

Our approach achieves better metrics for all tested cases and is able to achieve

an average reduction of 68% and up to 84%.

The simpler version of our approach (estimation of only R) is able to outperform

the baseline method for all cases. These improvements are due to the fact that

we use a cost function based in color perception and to the better codomain

matching, i.e. 3D gamut matching, between the two displays. By using the 3D

LUTs and by using scaling and shift parameteres in the brightness channel, we

are able to achieve better results, even when estimating the same transformation

(only R).

Figures 3.6, 3.7, and 3.8 show the optimization results for the different dis-

play monitor pairs. Figures 3.6 and 3.7 presents the distances of the colors,

in the chromaticity plane, of some pairs of base-reference display monitors.
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In this figure, one evaluate how the distances between the colors of the base

and the reference displays are improved with our framework. In addition, the

chromaticity diagram is shown to allow for visual assessment of what the color

distances in the u′v′ plane represent in terms of visual perception of color dis-

tances.

In figure 3.8, one can visually assess the results of the calibration. Note that it

is not expected that the colors are matched in terms of brightness as the display

monitors might have different overall brightness. Only the tone of the color is

supposed to match. The 4 colors in the bottom right corner of the base displays

are perceptually closer to the reference. Only one color patch, the white patch of

display D3, seems to not be completely corrected. This is expected, because we

are estimating an in-monitor mapping function that must be implemented in

real applications. It is not a perfect transformation that is able to map correctly

all possible colors. Nevertheless, all other color patches seem to be perceptually

closer to the reference image.

3.3.2 Colorimeter Comparison

In this experiment we want to show if a calibration with our method is able to

match that of a hardware specifically designed for display monitor calibration.

For that purpose, we used a Datacolor Spyder 3 Elite (Datacolor, NJ), which is a

colorimeter for display calibration usually used in professional setups, such as

professional digital photography, where color accuracy is very important.

The colorimeter was used to calibrate one of the display monitors to a standard

color space by using an unknown mapping function. We then tried to match

the mapping performed by the colorimeter with our camera-based method, by

using camera shots of the display showing our input calibration image before

(base) and after (reference) the colorimeter calibration. A perceptual metric of

zero would mean that the colorimeter and our method lead to the same result.

Nevertheless, small differences are expected due to measurement errors and

differences in the mapping function.

The results are shown in table 3.2. For these results, only the DSLR camera (C1)

was used.

The results also show the potential of using this method to calibrate display

monitors to standard color spaces, such as the BT.709, without having photo-

metrically calibrated cameras. Since, in that case, a camera shot of the reference

display already calibrated to the standard color space would be necessary.
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Figure 3.6 – Color distances before and after the application of the color repro-
duction framework as represented in the u′v′ chromaticity plane. Plot (a) shows
the CIE 1976 UCS (uniform chromaticity scale) diagram, i.e., the u′v′ diagram.
The distances were taken with the DSLR camera and are relative to the 128-
color validation image. The red dots represent colors in the reference display
and the blue dots represent colors in the base display.
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Figure 3.7 – Color distances before and after the application of the color repro-
duction framework as represented in the u′v′ chromaticity plane (continuation
from figure 3.6). The distances were taken with the DSLR camera and are rel-
ative to the 128-color validation image. The red dots represent colors in the
reference display and the blue dots represent colors in the base display.
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(a) base display D2 — before

−→

(b) base display D2 — after

(c) reference display D1

(d) base display D3 — before

−→

(e) base display D3 — after

Figure 3.8 – Color patches shown in the display monitor and imaged with the
DSLR camera. The patches are shown here in the sRGB color space for qual-
itative assessment of the improvements obtained with the color reproduction
framework. Each column relates to a different display monitor. The first and
the third columns relate to the base displays that were calibrated to match the
reference display represented in the second column. Note that the 4 colors in
the bottom right corner of the base displays are perceptually closer to the ref-
erence display.
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Table 3.2 – Display color reproductionmetrics whenmatching a colorimeter with
a camera-based method. Initial and final ∆u′v′ (average±standard deviation) for
the color reproduction frameworks. For this test, the reproduction frameworks
must use a monitor calibrated with a colorimeter as a reference display and the
same display before correction as the base display.

before Jung et al. ours (R only) ours

0.053± 0.037 0.015± 0.013 0.012± 0.012 0.007 ± 0.008

Table 3.3 – Cross-validation results of the color reproduction framework using
multiple cameras. Initial and final ∆u′v′ (average±standard deviation) for the
proposed color reproduction framework.

acquisition camera before validation with C1 validation with C2

C1 0.051± 0.039 0.007± 0.007 0.008± 0.008
C2 0.046± 0.035 0.007± 0.006 0.007± 0.006

3.3.3 Camera Cross-Validation

For the final experiment, we aim to demonstrate the robustness of the method

across different cameras. Since the cameras are not previously calibrated pho-

tometrically, results will differ. To assess this problem we performed cross val-

idation using both cameras, a DSLR camera (C1) and a smartphone camera (C2).

The displays used in this test were: D2 as base display and D4 as reference dis-

play.

The results are shown in table 3.3 and confirm that photometric calibration of

the cameras is not necessary to obtain robust results.

3.4 Discussion

We have provided a framework for color reproduction across display monitors

using a single image taken with a common camera, such as a smartphone cam-

era. This work is relevant in many different applications. In a medical context,

color reproduction is crucial as color information acquired from a video cam-

era will be seen by surgeons and other physicians through many monitors, both

in and out of the OR. In more generic applications, digital photography displays

and multi-display arrays can also be calibrated with the proposed method.

Our method was able to achieve better results than other camera-based methods

(Jung et al. [29]) for this type of problem, and it was shown to be robust across

cameras even without photometric calibration. Additionally, our method can be

easily extended to other in-monitor mapping function, as long as initialization
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of those mapping functions is feasible.

Color Reproduction and Augmented Reality for Video-Based Surgical
Navigation

54



4 6-D Pose Estimation for Augmented Re-

ality

Osteoarthritis is a joint disease that causes pain and stiffness due to damage of

the joint cartilage and the underlying bone [50]. It is the most common joint

disease in the world, with an estimated prevalence of 14% in adults with 25

years or older and 34% with 65 years or older [50]. Depending on the severity

of the symptoms, the treatment options can vary from non-operative to a joint

arthroplasty. Total knee arthroplasty (TKA) is the principal choice for improving

the quality of life of patients suffering from advanced knee arthritis. It is esti-

mated that the demand for TKA in the United States will approach 3.5 million

cases per year by 2030 [31]. Although being one of the most effective surgical

options to reduce pain and restore the knee function, about 20% of the patients

undergoing a TKA surgery are not satisfied [8]. As discussed in [55], there are

important surgical variables (e.g., lower leg alignment and soft tissue balancing)

that have a direct impact in the success of TKA, which are manually controlled

by the orthopedic surgeon. It requires experience for accurately combining all

these surgical variables into an optimal implant alignment. To assist the sur-

geon in controlling these variables, several computer navigation systems have

been developed [55].

Existing TKA navigation systems require a sensing technology for performing

anatomical measurements or supporting the surgeon in following a preoper-

ative plan of the bone resections. The most widely used technology for this

purpose is optical tracking (e.g., NAVIO Surgical System— Smith & Nephew plc,

Watford, United Kingdom). While providing accurate 3D measurements, navi-

gation systems based on optical tracking have three main drawbacks: (1) opti-

cal tracking platforms are costly, which is one of the reasons for the high cost

of existing navigation systems, (2) they necessitate the insertion of pins in the

distal femur and proximal tibia for fixing the markers to be tracked, requiring

additional bone incisions and surgical time, and (3) the trackers to be attached
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T

depth sensor

RGB camera

Figure 4.1 – Diagram of the method proposed for markerless surgical navigation.
Bone segmentation is performed using frames of the RGB camera. The seg-
mentation is used to get the region of interest in the point cloud from the depth
sensor. The point cloud is then registered to the anatomical model to establish
the relative pose.

to the bones are bulky, interfering with the normal surgical flow.

This article describes and provides a proof of concept for the first contactless

video-based system for computer-aided TKA that does not require any special

markers to be attached to the body. A navigation sensor, integrating a con-

sumer RGB camera and a depth camera, is used to register an anatomical model

of the patient, obtained with a preoperative computed tomography (CT) scan or

magnetic resonance imaging (MRI), such that the bone resections for the implant

positioning can be guided according to a preoperative plan. This work introduces

the video-based computer-aided TKA system, and describes the two main mod-

ules of the software pipeline: (1) bone surface segmentation from RGB images

using a deep learning technique, and (2) registration of a preoperative CT/MRI

model with a noisy point cloud for computing the pose of the navigation sen-

sor. Augmented reality (AR) techniques for supporting the surgeon in following

a preoperative plan are then used. Experimental results in real ex-vivo data are

presented.

4.1 Video-based Computer-Aided Surgery

This section overviews the proposed concept for computer-aided TKA that uses

a navigation sensor to perform 3D pose estimation during the open surgery. By

using additional depth sensing capabilities, we avoid the use of visual markers

as in [42] (see figure 4.1).

Given a 3D model of the patient’s knee, which was acquired using CT or MRI, the
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surgeon prepares a preoperative plan for optimizing the implanting positioning,

defining the resection plane parameters that will guide the proposed computer-

aided TKA system. During the surgery, and at each time instant, RGB and depth

data are captured from the navigation sensor and used for computing a local 3D

point cloud of the knee joint. The navigation sensor is handheld and is composed

of a camera and a depth sensor that are at all times fixed together in a rigid

manner. The point cloud is then used to register the 3D preoperative model,

enabling the estimation of the pose of the navigation sensor with respect to

the model. In this way, the location of the resection planes with respect to the

navigation sensor are known, enabling to provide valuable guidance information

to the surgeon.

4.1.1 Segmentation of Bone Surface

Image segmentation is a widely investigated topic in medical imaging and com-

puter vision. As in many medical imaging application, in TKA it is difficult to

obtain large amounts of accurately labeled data. The main difficulty is that

crowd-sourcing frameworks cannot be used, because the labeling of medical

data requires expert knowledge and special confidentiality aspects.

We will explore a deep learning approach for image segmentation called U-Net,

an encoder-decoder neural network architecture with skip-connections between

the encoder and the decoder sections of the network [48]. This network was

shown to achieve good results with a relative small number of annotated images

for training and for a wide variety of objects and scenarios [48, 27, 28]. The

rationale behind the skip-connections is that when doing a traditional encoder-

decoder approach some fine-grained details are lost in the encoder, and as the

signal is upscaled through the decoder it cannot describe the object in the input

image with high resolution. These special connections aim to solve this problem.

The base neural network used was as provided by the authors in [27]. The data

processing, the optimization process, along with some other modification, were

implemented around the base U-net by Iglovikov and Svets [27]. For the encoder

part of the U-Net, the weights where initialized to the weights of the VGG-11

network taking advantage of large datasets of generic training data, similarly

to [27]. However, since our training dataset is small, we decided to freeze the

encoder weights, while the rest of the network is optimized. This led to bet-

ter results and faster training. Dropout was implemented for regularization.

The hyperparameter space for the optimization is defined by the learning rate,

Color Reproduction and Augmented Reality for Video-Based Surgical
Navigation

57



dropout ratio, and the number of filters in the convolutional layers of the de-

coder. The number of filters in the decoder decreases in a similar way to the

encoder growth, but as multiple of this hyperparameter). As for the encoder,

the number of filters is fixed, because the weights being used are the same as

the weights of the VGG-11 network. A mini-batch of 10 was combined with the

Adam optimizer for training the network.

The dataset used in this work contains several video sequences of 2 different fe-

murs (3 sequences for the first femur and 1 sequence for the second femur). The

datasets have a wide variety of relative poses and occlusion events. In some of

the sequences, a marker was attached to the bone before data acquisition. This

base marker was tracked through the sequences so that it could be used to aid in

the generation of ground truth data for segmentation and to compare trajectories

for evaluation of pose estimation. Due to the dimensions of the dataset (approx-

imately 10,000 images), manual segmentation of all the images was not possible,

and a semi-automated approach was used for the labeling task. This was accom-

plished by manually segmenting approximately 100 images, and propagating the

segmentation to the neighboring frames using the detected marker pose and

the 3D femur model. The dataset was split into approximately 9,000 images for

training and 1,000 for validation. Note that the validation dataset was taken as a

different video sequence and not randomly chosen frames of the same sequences

to make the validation dataset as different as possible to the training dataset.

Although parts of the dataset also contain depth information, only the RGB data

was used for learning to segment bone surfaces. For augmenting the variabil-

ity in the training dataset, we performed particular transformations to the input

images on-the-fly. Among these transformation we included: image rotation,

imaging flipping, and shifts to the HSV space of the images. Additionally, the

base marker was masked and inpainted over to avoid implicit relationships be-

tween the poses of the marker and the femur within the learning framework and

improve generalization.

4.1.2 Registration of a Preoperative Modelwith a Noisy Point Cloud

3D registration consists in aligning two models such that their overlapping areas

aremaximized. It is a well studied problem in computer vision, with applications

ranging from SLAM and tracking to robotics and, more recently, to medicine

[41]. Some solutions for the 3D registration problem work by matching fea-

tures extracted from the models and estimating the rigid transformation using
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RANSAC or other robust estimators [49, 65]. Such approaches perform poorly

when the point clouds are too smooth and/or noisy because of the difficulty in

finding repeatable features. The family of algorithms 4PCS [37, 1, 34] makes use

of hypothesize-and-test schemes that randomly select sets of 4 coplanar points

in one point cloud and find correspondences in the other for establishing align-

ment hypotheses. Rencently, Raposo and Barreto [40] proposed an algorithm

that is faster than the 4PCS family of methods and resilient to very high levels

of outliers. In general terms, the method extracts pairs of points and their nor-

mals in one point cloud, finds congruent pairs of points in the other and after-

wards establishes alignment hypotheses which are tested in a RANSAC scheme.

The selected solution is refined using a standard ICP [5] approach.

Closely related to our work in terms of application is [41], which also employs

3D registration in the context of orthopedic surgery for aligning a preoperative

model of the targeted bone with the patient’s anatomy. However, there are two

important differences: (1) while [41] includes an explicit surgical step where the

surgeon touches bone surface with a tracked probe for reconstructing 3D points,

our method uses a depth sensor and an automatic segmentation process for re-

constructing only the area corresponding to the targeted anatomy; (2) [41] re-

quires fiducial markers attached to the patient’s body for estimating the camera

pose. On the other hand, our approach accomplishes camera pose estimation

by registering the segmented point cloud with the preoperative model at each

frame. The registration algorithm proposed in [41] is fast, accurate and robust

to outliers. However, it is not suitable for our case because it only solves the

curve-vs-surface alignment problem and we require surface-vs-surface regis-

tration. As mentioned in the previous paragraph, this task is efficiently solved

in [40].

Since it is reported that this method is able to handle outliers, we attempted to

register the complete point cloud obtained from the depth sensor with the pre-

operative model. However, due to the significant levels of noise and very high

percentages of outliers, the results were not satisfactory, evincing the need for

a proper segmentation of the bone surface. The registration parameters were

tuned for accommodating the noise in the data and qualitative and quantitative

results on the registration accuracy are provided in the next section. Further-

more, some frames contain too many outliers and missing information, whether

due to the sensor being too close to the knee (out of range), to specularities

and/or total occlusion. Therefore a registration was deemed successful only

when 80% of inliers were considered for its computation.
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4.2 Experimental Validation

The camera/sensor setup used was composed of a 1080p video camera and a

two-camera IR depth sensor with 480p resolution at approximately 10 frames

per second. The two components were fixed together and calibrated.

To evaluate the proposed method both quantitatively and qualitatively, we have

three datasets: the training and validation datasets used in the machine learning

framework, and an additional dataset where no markers where inserted in the

bone.

The proposed architecture for femur segmentation obtained an intersection over

union (IoU) metric of median 0.853 and a Dice coefficient of median 0.921. The

hyperparameters used were: learning rate - 0.0001, epochs - 10, number of

filters for the decoder - multiples of 2. Please refer to figures 4.2 and 4.3 for

additional results regarding femur segmentation.

To evaluate the registration, we compute the trajectory obtained in the validation

dataset and compare it to the trajectory obtained by tracking the marker inserted

in the femur. The two trajectories were aligned using a rigid transformation and

the results are show in figure 4.4(a). Figure 4.4(b) shows the angular magnitude

of the residual rotation between the ground truth and the estimated rotations,

in degrees, and the norm of the difference between the ground truth and the

obtained translation vectors; where the ground truth was taken as the median

pose of all successful registrations, thus giving a measure of robustness of the

registration procedure. The obtained median rotation error (eR) is 3.17 degrees

and the median translation error (eT) is 6.18 millimeters. In figure 4.5, our

contactless registration is used to superimpose the bone model and show the

preoperative plan in an AR view.

To further test the generalization power of our method, we performed a new

hyperparameter search, this time using only one femur for training (3 video

sequences of the first femur) and one for testing (1 video sequence of the second

femur). This test aims to show that generalization to other scenes is possible.

However, using only one femur for training is not ideal, and for a fully working

framework further data is needed. Figure 4.6 shows the results.

4.3 Discussion

The article proposed a new approach for navigation in TKA that avoids the need

of attaching fiducials to the anatomy, which is a major problem in current nav-
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Figure 4.2 – Femur segmentation results on the validation dataset (left column)
and on the dataset without markers (right column), which does not have ground
truth available. Green: prediction; blue: ground truth; cyan: both.
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Figure 4.3 – Segmentation metrics for the femur segmentation in the validation
dataset: (a) metric distribution; (b) frame with worst IoU metric.
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Figure 4.4 – Results for the registration between the preoperative model and the
segmented point cloud in the validation dataset: (a) comparison between the
x, y, and z components of the trajectories of the proposed registration (colors)
and marker-based tracking (black); (b) distribution of the rotation error (eR) in
degrees and the translation error (eT) in millimeters.
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Figure 4.5 – Augmented reality for surgical navigation using our method. Each
row corresponds to a different frame showing the markerless and contactless
femur registration for AR-guided surgery using preoperative planned cuts.
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Figure 4.6 – Femur segmentation results using video sequences of only one
femur for training: good results (left column) and bad results (right column).
Green: prediction; blue: ground truth; cyan: both.
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igation systems and cause surgeons to avoid these techniques. Moreover, the

proposed approach uses off-the-shelf hardware and does not require any user

input.

The segmentation worked under various conditions and surpassed expectations

in differentiating between the bone and the adjacent tissue with similar color and

texture, even though only approximately 100 images were manually segmented.

The scarcity of the data required for performing machine learning tasks, means

that fair evaluation of the segmentation algorithm is difficult. Further testing

segmentation with additional ex-vivo knees may be necessary to confirm the

generalization power shown here.

Regarding the full registration process, the work aimed to be a proof of concept

that demonstrated that it is feasible to robustly track the anatomy without the

need of attaching fiducial markers. The results are encouraging but there is still

work to do to accomplish a final system that can be used in everyday clinical

practice:

• Translation errors of 6.18 millimeters and rotation errors of 3.17 degrees,

while satisfactory for a proof of concept, are above the requirements for

surgical navigation. The obtained errors can lead to critical misalignment

of the planned cuts and drills. Future work will address this problem and

focus on fine tuning the registration algorithm to work under such extreme

depth outlier conditions and possibly use multiple frames to perform the

pose estimation. Another promising line of research is to eliminate the need

to work with the depth sensor and perform pose estimation with machine

learning as well. This is enticing since in our setup the depth map is the

main source of imprecision. Another line of research with potential would

be to use an end-to-end machine learning approach.

• Occlusion is currently a problem for the segmentation. However, this hap-

pens because only 100 manual segmentations were performed. Further

manual segmentations can be performed for better resilience to occlusion.

Another possible approach is to track the surgical tools and remove them

from the segmentation maps to generate the dataset.

• Future work must comprise extension to other anatomies. So far we have

worked only with the femur. Extension to other procedures where the

anatomy is not so clearly exposed (e.g., hip arthroplasty) may not be as

straightforward. Nevertheless, evaluation of accuracy in such cases may
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be interesting. Extension for the tibia, as required for full TKA navigation,

should be feasible but must be validated as well.

Although additional testing is required for a full navigation system to be used in

the OR, this work opens the possibility for a contactless registration to be used

to guide the surgeon. A possible path for the application of our work is to use

the contactless registration to guide the drilling of the holes for the cut guide

and only then guide the distal cut. In this way, removing the necessity of the

registration the bone after the cuts, which is not contemplated by the present

work. However, this approach would require the holes to be drilled before the

first cut and further testing is mandatory.
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