"H#S%

' () >+,
- /!
0 1 233456
& 7874 84 74
&9 - < 28<2=>=4; <?23345
@A T < < 7223, BC3>
E F9 <

G?? @ H |

T @l J




©e>aS $efeae

.etU¥% ..t2Zh X ¢hp

tSZ” ...x—=wx" "=

Automatic Joint Space Narrowing Quanti cation

in Radiographic Images with Sub-pixel Accuracy
for Rheumatoid Arthritis

2023a 1D

Z,“GIGYTA GCIJA BCJI-E
$ et

lc-» "% i -%



Contents

Abstract
Acknowledgement
Abbreviations
List of figures
List of tables

1 Introduction

1.1 Rheumatoid arthritis . . . . . .. . .. ... .. ... ... ..
1.2 Medical image analysisin RA . . . ... ... ... ......
1.2.1 Related works about finger joint position detection

1.2.2  Literature survey of joint space quantification in RA
1.3 Our contributions . . . . . . . ... ... L
1.4 Thesisoutline . . . . . . . .. .. ... ...
Bibliography . . . . . . . ..

Joint position detection and calibration

2.1 Classification based joint detection . . . . . ... ... .. ..
2.1.1 Finger midline detection . . . . . . . . .. ... .. ..
2.1.2  Joint position detection . . . . . ... ...
2.1.3 Joint position calibration . . . . ... ... ... ...

2.2 Key point detection based joint location detection . . . . . . .

Joint space quantification

3.1 Joint segmentation . . . . ... ..o
3.1.1 Depthimage . ... ... ... ... ... ......
3.1.2 Integral image . . . .. ... ... ... ...
3.1.3 Segmentation curve. . . . . . .. ...

3.2 JSN progression quantification by PIPOC . . . . . . ... ..

iv

vii

ix

xii

XX

14
14
14
16
23
24



3.3 Joint angle correction by RIPOC . . . . ... ... ... ... 35

3.4 FIPOC and PIPOC . . . . . . .. .. ... ... ... ... 38
3.5 Measurement reliability quantification . . . . . ... ... .. 41
Bibliography . . . . . . ..o 44
Materials 46
4.1 Phantom study . . .. ... ... ... o 46
4.1.1 Phantom design . . . .. .. ... ... 46
4.1.2 Imaging environment . . . . . . . . ... ... 48
4.2 Clinical dataset . . . . . . . .. .. ... ... .. ... ..., 50
4.2.1 Study population . . . .. .. ... L 50
4.2.2 Imaging environment . . . . . . . ... 50
Bibliography . . . . . . .. 51
Experiments and discussion 52
5.1 Joint position detection . . . . . .. .. ... L. 52
5.1.1 Classification based joint position detection . . . . . . 52
5.1.2  Key point detection based joint position detection . . . 54
5.2 JSN progression quantification . . . . . . ... ... oL 54
5.2.1 Phantom study . . . . . ... ... 54
5.2.2 Clinical data . . . . ... ... ... ... ....... 61
5.2.3 Comparison with related works . . . . . .. ... ... 65
5.3 Joint angle correction . . . . . .. ..o 66
Bibliography . . . . . . . ..o 68
Conclusion and future works 69
Bibliography . . . . . . . ..o 71
Appendix: Real-time TM 72
A.1 Real-time TM in medical image processing . . . . . . . .. .. 72
A2 HDR imaging . . . . . . . . . ... ... 7
A.2.1 HDR imagesensor . . . . .. ... ........... 79
A22 HDRmerge . . ... ... .. .. ... ... ...... 80
A.3 TM algorithms and their HW implementations . . . . . . .. 82
A3.1 TM algorithms . . . . .. .. ... ... ... ..... 83
A.3.2 Color conversion . . . . ... .. ... .. ....... 85
A.3.3 HW TM algorithms . . . . . ... ... ... .. ... 86
A.3.4 HW architectures for transcendental functions . . . . . 100
A4 Normalized HW cost . . . . . . . . .. ... .. ... ... .. 103
A4.1 Hardware . . ... ... ... ... ... ........ 103
A.4.2 Data conversion for optimal HW specification . . . . . 109

1



A.4.3 Image quality metrics used to measure HW TMO ac-

CUTACY « « v v v v e e e e e e e e e e e e 109

A.4.4 HW specification versus image quality . . . . .. . .. 110

A45 Video TM artifacts . . . . .. .. ... ... ... ... 112

A.4.6 Design bottlenecks . . . . ... ... 0. 113

A.5 Future perspective . . . . . .. .. ... L 114
Bibliography . . . . . . .. 116
List of publications 138

1ii



Abstract

Rheumatoid Arthritis (RA) is a chronic autoimmune disease characterized by
synovitis that primarily affects peripheral synovial joints, like fingers, wrists,
and feet. The major radiographic changes on hand, wrist, and feet joints are
cartilage damage and bone destruction (like bone erosion and Joint Space
Narrowing (JSN)). Those damages and destruction typically lead to painful
joints, progressive joint destruction, and deformity, followed by functional
limitation and severe disability. There are substantial evidence that RA can
be managed in a low level of disease activity and clinical remission with
disease-modifying antirheumatic drugs. Early diagnosis by precise quantifi-
cation of subtle radiographic changes is essential for successful treatment, as
it can improve outcomes and effectively manage the progression of RA. Ra-
diology plays a critical role in the diagnosis and monitoring of RA. Clinical
radiologist /rheumatologist can assess the radiographic progression of RA by
using the Sharp/van der Heijde (SvdH) scoring method. This method relies
on scoring the radiographies by subjectively assessing JSN and bone erosion
of 38 hand or foot joints. The joint space is one of the most important
indicators for the diagnosis and monitoring of RA, and it has attracted the
extensive attention of many researchers resulting in great efforts to study the
automatic quantification of joint space in RA. According to the methodology
and its output metric, those previous works on joint space quantification in
RA can be grouped into two frameworks, classification based SvdH scoring
method, and margin detection based Joint Space Width (JSW) quantifica-
tion method.

However, classification based SvdH scoring method has only five levels,
which limits the sensitivity and timeliness of the tool. Whereas, the margin
detection based JSW quantification works can achieve only pixel-level accu-
racy. Limited by the current spatial resolution of radiographic imaging, JSN
progression of RA can be less than one pixel per year with universal spatial
resolution. Insensitive monitoring of JSN can hinder the radiologist /rheuma-
tologist from making a definitive and timely clinical judgment.

In this thesis, we propose a novel and sensitive framework which aims
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to automatically quantify JSN progression in the early RA. The proposed
framework implements fully automatic quantization of JSN progression in
RA, which can be broadly grouped into two parts, joint position detection,
and JSN progression quantification. For joint location detection, we propose
and compare two methods, a classification based joint location detection
method and a key point detection based joint location detection method.
The two joint location detection methods show different strengths and weak-
nesses in our experiments. For joint space quantification, we propose a new
framework by calculating the relative widths of the joint space based on an
image registration method. Take a Metacarpophalangeal (MCP) joint as an
example, our methodology can be understood in four steps. (i) Segment the
proximal phalanx bone and metacarpal bone based on gradient information.
(ii) Combining Discrete Fourier Transform (DFT) and the joint segmentation
curve, segment the proximal phalanx bone and metacarpal bone in the phase
spectrum. (iii) Measure the movement of the proximal phalanx bone and
metacarpal bone between baseline and follow-up radiographs respectively by
using the image registration algorithm. (iv) Calculate the displacement dif-
ference between the proximal phalanx bone and metacarpal bone to get JSN
progression.

Also in this thesis, we have improved Full Image Phase Only Correla-
tion (FIPOC) by adding a phase spectrum segmentation step, so that it
can measure the displacements of multiple regions at the same time. We
named the improved FIPOC algorithm as Partial Image Phase Only Corre-
lation (PIPOC). As an image registration algorithm, PIPOC is used in JSN
progression quantification. Compared with FIPOC, PIPOC can effectively
avoid the impact of the segmentation and in-painting process and reduce the
phase dispersion in the phase difference spectrum. In our phantom study,
PIPOC has a much lower mean error than FIPOC. This work aims for
computer-aided monitoring and diagnosis of RA. Our work measures JSN
progression between a baseline and its follow-up finger joint images by using
the phase spectrum in the frequency domain. In our phantom studies, and
experiments using clinical dataset our algorithm can measure the displace-
ments of upper and lower bones with sub-pixel accuracy. The measured mean
error of our algorithm is in range of 11.9% - 35.0% in comparison to man-
ual measurements using radiographic phantom datasets, in range of 6.0% -
16.1% when using tomosynthesis phantom datasets, and with a Standard De-
viation (SD) of 0.0519 mm when using radiographic clinical dataset. Consid-
ering that previous works can best achieve only pixel-level accuracy, our ex-
tensive experiments demonstrate that the proposed image registration based
JSN progression quantization framework promises high precision monitoring
when compared to two mainstream related works; the margin detection based



JSW quantification framework and image classification based SvdH scoring
framework.

These advantages indicate that our proposed framework can fill the gap in
monitoring the JSN progression with high sensitivity. Thereby it has a broad
application prospect in the monitoring of RA. With the sub-pixel accuracy
far beyond usual manual measurements, we are optimistic that the proposed
work is a promising scheme for automatically quantifying JSN progression.
Currently, Machine Learning (ML) is applied to difficult tasks in medical
image analysis. We anticipate future studies in this direction. Our experi-
ments in this study have shown the superiority of image registration based
JSN progression quantification framework in RA monitoring compared to
the current most popular classification based SvdH scoring framework, and
the margin detection based JSW quantification framework. Those ML-based
image registration algorithms can be used for JSN quantization in RA. To
address the posture (finger movement) related constraints and inconsistent
joint angle which is likely to result in mismatched registration. Given the
advantages of ML, it may be possible to achieve higher robustness (lower
mismatching ratios) at the expense of a small amount of accuracy. Further-
more, we can quantify JSN by ML using the image features extracted by our
work, this can improve the overall performance of the algorithm.

Key words

Rheumatoid Arthritis, Frequency Domain Analysis, Joint Space Narrowing,
Tone mapping, Phantom Imaging, Radiology, Computer-aided Diagnosis.
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Chapter 1

Introduction

1.1 Rheumatoid arthritis

RA is a progressive, chronic autoimmune disease characterized by synovitis
that can ultimately cause deformities and ankylosis in peripheral synovial
joints and impair the movement and flexibility of digits, and as well as the
patient’s whole hand. The incidence of RA over the adult population in
developed regions is relatively stable. Previous studies from Japan suggested
a relatively higher incidence of the disease, with a prevalence rate of 0.3%
[1,2]. In Japan, there are about 0.6 to 1 million people with RA, 10 million
osteoarthritis patients and 30 million potential arthritis patients [3]. Related
works investigated the relationship between sex and incidence of RA [5-7].
The sex ratio varies in most studies from about 2:1 to about 3:1. RA patients

\ Cartilage Narrowed
joint space
‘ Inflamed
synovial Froded
membrane
bone
Synovial
membrane

Figure 1.1: Schematic of a healthy joint (left) and a joint affected by RA
(right). [4]
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Figure 1.2: The progression of JSN in RA.

need at least one million Japanese yen for medicines every year [8]. RA can
cause a huge economic burden for patients.

The major radiographic changes on hand, wrist and feet joints are carti-
lage damage and bone destruction (like bone erosion and JSN), as show in
Fig. 1.1. With time progressing, the joint space of RA patient will gradually
become narrow, as show in Fig 1.2. Narrowing and destruction typically lead
to painful joints, progressive joint destruction, deformity, followed by func-
tional limitation and severe disability [9,10]. There are substantial evidence
that RA can be managed in a low level of disease activity and clinical remis-
sion with disease-modifying antirheumatic drugs [11,12]. Early diagnosis by
precise quantification of subtle radiographic changes is essential for success-
ful treatone mappingent, as it can improve outcomes and effectively manage
the progression of RA [11,12].

1.2 Medical image analysis in RA

Radiology plays a crucial role in diagnosis and monitoring of RA. Clinical
radiologist /rheumatologist can assess the radiographic progression of RA by
using SvdH scoring method. This method relies on scoring of the radio-
graphies by subjectively assessing JSN and bone erosion of 38 hand or foot
joints [13]. As one of the most important indicators for the diagnosis and
monitoring of RA, the joint space has always attracted extensive attention of
researchers. In recent years, researchers have invested great efforts to study
automatic quantification of joint space in RA [14-29]. The JSN progression
quantification pipline in radiographs is performed in two steps; joint position
detection and joint space quantification.
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1.2.1 Related works about finger joint position detec-
tion

The earliest studies about finger joint location detection were based on us-
ing pixel information. Those algorithms extracted the finger midlines based
on ridge detection, thus, finger joint location can be detected according to
the gradient or intensity information of finger midline [21]. However, these
method may break finger midline at the MCP joint because of decrease in
bone density. This may lead to mismatch of joint position for the following
reasons: (i) Bone overlap caused by finger bending in the vertical plane. (ii)
Marginal density decrease caused by ankylosis or complete luxation [21].

In recent years, ML based methods have become a very important tool to
solve complex medical image processing tasks [30]. It is widely used in image
segmentation [31], computer aided diagnosis [32], image registration [33] and
others. For finger joint detection, there are some ML-based studies utilizing
key point detection for CNN [17,24], Support Vector Machine (SVM) [22,26]

Methodology Output metric Purpose  Requirement

Classification . | A wide
g4 Score Diagnosis range
|

Margin detection

JSW

Image registration . JSN I High
V sensitivity

Figure 1.3: A schematic diagram of the classification of joint space quantifica-
tion works in the computer-aided diagnosis and monitoring of RA. According
to the methodology and its output metric, joint space quantification works
can be broadly grouped into three groups, ML-based classification based
SvdH scoring method (red lines), margin detection based JSW quantifica-
tion method (orange lines) and image registration based JSN progression
quantification method (green lines, the framework we proposed). JSW can
be used to score SvdH score to qualitative diagnosis, or calculate the JSN
to quantitative monitoring. Diagnosis methodologies should be used in all
stages of RA, which have higher requirement on the detectable range. Mean-
while, monitoring methodologies require higher timeliness and sensitivity.
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and Haar-like AdaBoost [25,34].

1.2.2 Literature survey of joint space quantification in
RA

As shown in Fig. 1.3, according to the nature of purpose, previous works on
joint space quantification in RA can be grouped into two groups, qualitative
diagnosis and quantitative monitoring. Diagnosis is a qualitative judgment
of the RA stage, usually based on the absolute width of the joint space.
Monitoring is the basis for RA patient Dynamic Range (DR) management,
which requires high sensitivity quantitative quantification, usually based on
the relative narrowing of the joint space.

In the literature, the earliest joint space quantification method detects
the upper and lower bone margins to measure the JSW (orange lines in
Fig. 1.3). According to the margin detection method, they can be broadly
grouped into two groups; supervised ML-based [14,17] and image features
based [21], such as intensity, gradient, derivative or differential. Take Huo’s
work as an example [21] (Fig. 1.4 Left), this work can be performed as follow:
(i) Detect bone margin by using intensity and gradient information. (ii) Fit
polynomial functions to bone margin curves. (iii) Quantify JSW according
to the distance between polynomial functions. Peloschek et al in [16, 17]
train a point distribution model by active shape model, a kind of marching
learning algorithm (Fig. 1.4 Right). And automatic joint space measurement
is performed using key points of bone margin.

As shown in Fig. 1.3, margin detection based JSW quantification methods
can combine both qualitative diagnosis and quantitative monitoring. Accord-

Figure 1.4: The algorithm principle of previous studies. Left: [21]. Right:
[16,17]
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Figure 1.5: JSN progression of a MCP joint for little finger over a period
of 10 months. From left to right the images are: baseline, five-month, and
ten-month images (spatial resolution: 0.175 mm/pixel). Usually, JSN pro-
gression is less than one pixel per year, therefore, it is difficult for radiol-
ogist /rheumatologist to see. Then, operating with an algorithm with pixel
level accuracy to quantify JSN progression over a period of one year can be
ineffective. JSN progression measured for five and ten months X-rays relative
to baseline using our method are -0.111 pixel and 0.213 pixel respectively.

ing to the quantified JSW combined with SvdH scoring standard, a qualita-
tive diagnosis of the RA stage can be obtained. And the JSN can be obtained
by calculating the difference of the JSW during the two imaging to realize
the quantitative monitoring of RA. However, margin detection based JSW
quantification works have three main limitations: (i) Margin detection based
studies [14,17,21] can best achieve only pixel-level accuracy (please see § 5.2
for more details). Furthermore, limited by the current spatial resolution of
radiographic imaging, JSN progression over a period of one year can be less
than one pixel, as show in Fig. 1.5. This means that the pixel-level accuracy
algorithm requires more time to detect for any changes in the joint space.
Nevertheless, this can lead to insensitive monitoring of JSN progression, and
this may hinder the radiologist/rheumatologist from making a proper moni-
toring in the “window of opportunity” [35-37]. (ii) Considering that margin
detection require clear margin information, it cannot be used in the advanced
RA when the bone margin is destroyed. (iii) Fundamentally detecting the
upper bone margin accurately is a challenge, which is known to be affected
by false edges [21].

At present, ML-based algorithms have increasingly become the main-
stream of computer-aided diagnosis in RA [38,39]. The popular research
direction in joint space quantification is SvdH scoring method [13] based on
ML image classification (red lines in Fig. 1.3). Those works can be performed
as follow: (i) Manually classify the joint images into five levels from level 0
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to level 4 (most severe level) according to the JSN based on SvdH scoring
standard. (ii) Train a joint image classifier based on ML algorithms like
CNN [24,27] or SVM [26].

ML-based classification can quickly determine the RA condition in early
RA and advanced RA. Considering that ML-based classification is proven
now, these works can achieve very low false negative and false positive rates.
Nevertheless, SvdH scoring standard with only five levels limits the sensi-
tivity and timeliness of the tool. If it is not feasible to increase the number
of levels in the scoring standard, that would make it difficult for radiolo-
gists/rheumatologists to make accurate scores for training data. But blindly
increasing the number of levels will increase the difficulty and error rate for
radiologists /rheumatologists to manually label data. It is precise because
of this conflict that the upper limit of the sensitivity of these algorithms is
severely limited. Compared to margin detection based JSW quantification
works, these works greatly improve the detectable range at the expense of
low sensitivity. And abandon the application of monitoring and strengthen
the qualitative diagnosis in early RA and advanced RA.

We proposed a JSN progression quantification method by calculating the
relative widths of the joint space based on an image registration method
(green lines in Fig. 1.3). Take a MCP joint as an example, this work can be
performed as follow: (i) Segment the proximal phalanx bone and metacarpal
bone in the spatial domain. (ii) Fill vacant space by using an image in-
painting algorithm. (iii) Measure the displacements of the proximal phalanx
bone and metacarpal bone between a baseline and its follow-up finger joint
images respectively by using an image registration algorithm. (iv) Calcu-
late the displacement difference between the proximal phalanx bone and
metacarpal bone to get JSN progression.

Our experiments show that the image registration based JSN progres-
sion quantification framework has the potential for higher sensitivity and
lower mean error compared to the margin detection based JSW quantifi-
cation framework and image classification based SvdH scoring framework.
These advantages indicate that our proposed framework can fill the gap in
monitoring the JSN progression with high sensitivity. Thereby it has a broad
application prospect in the monitoring of RA. Nevertheless, the image regis-
tration based JSN progression quantification framework has two limitations:
(i) This framework can only calculate the difference of JSW between the base-
line and its follow-up joint image, which is a relative width of joint space.
Although it can be used for RA monitoring with high sensitivity, it cannot
provide absolute width information of joint space. It needs to cooperate
with other algorithms for qualitative diagnosis in RA. (ii) Take a MCP joint
as an example, this framework should segment the proximal phalanx bone
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JSN quantification by partial image phase-only correlation (§ 3.2)

Figure 1.6: The overview of our proposed image registration based JSN pro-
gression quantification framework. Our framework can be understood in
three steps. § 2 Use image processing algorithms to detect and calibrate
joint positions. § 3 Segment the upper bone and lower bone based on gradi-
ent information. Measure the movement of the upper bone and lower bone
between baseline and follow-up radiographs respectively by calculating the
phase difference, thus resulting in JSN progression quantification.

and metacarpal bone. Segmentation requires a certain joint space, and this
framework cannot be used in advanced RA when the joint space completely
disappears.

1.3 Our contributions

In this work, we propose a JSN progression quantification method by calcu-
lating the relative widths of the joint space based on an image registration
method and studying HW TM algorithms.

The main objective of the proposed JSN progression quantification al-
gorithm is to improve sensitivity, accuracy, and robustness so that radiol-
ogist /rheumatologist can closely monitor the JSN progression in early RA.
The schematic overview of this work is shown in Fig. 1.6.

The original contribution of this work can be summarized as follows:
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1. Describe a detection method for finger midline and joint position (§ 2).

2. Propose an image segmentation algorithm to segment joint images

(§ 3.1).

3. Present an improved Phase Only Correlation (POC) method named
PIPOC to measure JSN progression in early RA (§ 3.2).

4. Automate the features listed in (1-3). Using our method, JSN progres-
sion can be measured from a group of input sequential radiographs.
The proposed work can achieve sub-pixel accuracy on JSN progression
measurement (§ 5.2).

1.4 Thesis outline

The thesis is organized as follows: § 1 introduces the application of medi-
cal image processing algorithms in RA and TM in pre-processing of medical
image processing. § 2 Use image processing algorithms to detect and cali-
brate joint positions. And proposes a joint position detection method based
on ML, its calibration method based on phase domain analysis, and a JSN
progression quantification framework based on image registration. § 3 Com-
bining the DFT and the joint segmentation curve, segment the proximal
phalanx bone and metacarpal bone in the phase spectrum. Then, Measure
the movement of the proximal phalanx bone and metacarpal bone between
baseline and follow-up radiographs respectively by calculating the phase dif-
ference, thus resulting in JSN progression quantification. In § 4, we provide
information on the datasets used in this work; including phantom study, and
clinical datasets. § 5, presents the joint position detection results using clin-
ical data and the JSN progression quantification evaluation results for both
the phantom study and clinical study. § 6 presents a detailed discussion
with concluding remarks. Finally, considering that the current popular re-
search direction in ML-based joint space quantification of RA is SvdH scoring
method based on image classification, we present an account of the future
research directions for the computer-aided monitoring in RA, especially the
JSN progression quantification based on ML-based image registration.

In the appendix, § A covers HDR imaging and HW TM algorithms. We
present figures of merit for TM implementations, thus throwing light on
design trade-offs, and discuss the design issues related to the implementation
of TM HW architectures. Additionally, we review various image quality
metrics used in HW TM algorithms.
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Chapter 2

Joint position detection and
calibration

For joint location detection, we propose and compare two methods, a classi-
fication based joint detection method and a key point detection based joint
location detection method.

2.1 Classification based joint detection

As shown in Fig. 2.1, the pipeline of joint position detection and calibration
can be briefly explained as follows: (i) Obtain the approximate estimates of
the finger midlines in binary image. (ii) Detect joint positions by using a
ML-based joint classifier. (iii) Calibrate the relative position deviations in
joint windows.

2.1.1 Finger midline detection

Finger position estimation can significantly reduce the potential region, thus
reduces the calculation of joint detection. The scheme of finger midline de-
tection is shown in Fig. 2.1. The approximate area and angle of fingers
are estimated using the binary images obtained from respective hand radio-
graphs.

Given a radiograph, we binarize the X-ray using Otsu’s method [1], and
smooth its margin by using morphological opening and closing [2], as shown
in Fig 2.2 (b). From our experiments we found that using polygonal approx-
imation can significantly improve robustness when searching for extrema,
that one could obtain using pure margin [3] (Fig. 2.2 (c)).

Then, we obtain the local maxima (red point) and local minima (green
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Figure 2.1: Schematic overview of joint position detection. The approximate
regions of fingers are obtained according to each pair of local maxima and
local minima in binary image. Then, the finger midlines (blue lines) are cal-
culated by fitting to each region. Finally, an AdaBoost based joint classifier
is used to detect the joint positions (red windows).

point) of hand margins as shown in Fig. 2.3 (a). Next, the approximate region
of fingers are obtained according to each pair of local maxima and minima,
which can calculate the midline of each finger by fitting to each finger region
based on least squares method [4] (Fig. 2.3 (b)). Finally, the width of each
finger can be calculated according to the size of the finger region. Thus, the
location, angle and width of other fingers can obtained by using the same
method. The midline of each finger as show in Fig 2.3 (c).

(a) (b) (c)

Figure 2.2: (a) A hand radiographic image. (b) The binary image of hand
region. (c) The polygonal approximate edge of hand region.
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Then, from a hand radiographic image (Fig 2.4 (a)), the fingers area can
be cut out (Fig 2.4 (b)) to detect the position of joints. From our experiments
and analysis we found that reducing the width and height of the binary hand
images to one-fifth does not significantly effect the accuracy of the finger
midline detection, and this results in accelerating the detection process (17.7
x faster).

2.1.2 Joint position detection

As shown in Fig. 2.1, the position, angle, and size of each finger image is
obtained according to the finger midline and its region in the binary image.
Then, the joint windows are detected in finger images with a joint classi-
fier which is trained by using haar-like feature based AdaBoost (Adaptive
Boosting) [5-7].

AdaBoost is a cascade classifier algorithm. Through learning a large
number of positive and negative samples, a large number of weak classifiers
with less than 50% false detection rates are generated. A weighted super-
position of these weak classifiers is used to obtain a strong classifier with a
low false detection rate. The theory proves that the false detection rate of
the strong classifiers will approach zero, when the number of weak classifiers
approaches infinity and the false detection rate of each weak classifier is less
than 50%. Papageorgiou et al. in [8] proposed a face detection algorithm
based on AdaBoost algorithm. A group of weak classifiers was trained based
on Haar-like features and the integral graph is used to accelerate the training
process [5]. The cascade structure can improve the detection accuracy of the

(a) (b) (c)

Figure 2.3: (a) Grooves and fingertips of hand. (b) The area and midline of
finger. (c) Finger midlines in the radiographic hand image.
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(@) (b)

Figure 2.4: (a) A hand radiographic image. (b) Finger images from hand
radiographic image.

classifier.

Haar-like feature also called rectangular feature, which reflects the gray
change of the image and local gray distribution. The application of Haar-like
features to face detection was proposed by Papageorgiou et al. in [8]. Paul
Viola et al. in [5] proposed quickly calculating Haar-like features by using
integral graphs. Haar-like features can divide into three categories: Edge,
line, and center-surround features [8], as show in Fig, 2.5.

The haar-like feature is mainly responsible for training weak classifiers. In

Edge feature Center-surround feature

o [®

Line feature

LI

Figure 2.5: Haar-like features
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(@) (b) ()

Figure 2.6: Haar-like features in a joint image.

general, the Haar-like feature is composed of 2 to 4 rectangles (Fig 2.5). These
Haar-like features represent some location features like edge (edge feature),
line (line feature), or point (center-surround feature). And the difference
between the gray values of all pixels in the range of these rectangles is the
Haar-like feature value. The Haar-like feature value of a kind of feature
represents the strength of the feature at the point.

As shown in Fig. 2.6 (a), a joint positive sample is downsampled. The
Haar-like feature of Fig. 2.6 (b) is composed of three vertically arranged
matrices, and the Haar-like feature of Fig. 2.6 (c) is composed of two hori-
zontally arranged matrices. The Haar-like feature template can be located
at any position in the image. As shown in Fig 2.6, the two Haar-like features
value are the difference of the grayscale between the white matrix region and
black matrix region. The Haar-like feature can show the grayscale changes
of the image or local. For example, in Fig 2.6, the joint space area is darker
than the upper and lower bones, and the line feature value will be bigger
than in other places. And the bone area is brighter than the background so
that the edge feature of points on the bone edge will be bigger than others.
Through the value of the line feature, the probability that the point is a joint
space can be determined. Same to the edge feature, the probability of bone
edge also can be determined. Only two regions cannot reflect all the features
of the joint. However a large number of weak classifiers trained by Haar-like
features can classify joint windows with high accuracy.

Integral image

is proposed by Paul Viola et al. to reduce the repeated steps in the calculation
of the sum of gray values in [5]. The integral image is an image representation
method. It represents the sum of the gray values of all pixels in the upper
left corner of each pixel of the original image, as shown in Fig 2.7. The
integral image can convert the integral calculation of each gray value into
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the addition and subtraction calculation in the integral image, which can
greatly reduce the time of training. The integral image SAT(z,y) obtained
from the original gray image f(z,y) is defined as follows:

' <zy' <y

SAT (x,y) Z f('y) (2.1)

2'=0,y'=0

The following formula is used for quick calculation of the integral image.

8<$,y) :5($ay_1)+f(xﬂy) (2'2)
SAT (z,y) = SAT(z — 1,y) + s(z,y) (2.3)

s(z,y) represents the column integral, f(z,y) is the gray value of the
original gray image, and SAT(x,y) represents the integral image.

Calculate Haar-like feature by integral image

The gray value integration of the pixels contained in any matrix can be
completed in several addition and subtraction calculations. Taking Fig. 2.8
(a) as an example, calculate the gray value integral RecSum(r) in the black
area 1 as:

z'<D(z

RecSum(r) =

D(y)

f@'y)

M@

z'=A(z),y'=A(y)
— SAT(A) — SAT(B) — SAT(C) + SAT(D)
(2.4)

SAT (x,y)

Ima%

Figure 2.7: Integral image
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Haar-like features consist of 2 to 4 rectangles, and this method can also
be used to obtain the Haar-like feature value within a few steps of addition
and subtraction. Taking Fig. 2.8(b) as an example, the feature value F' of
this edge feature is calculated as:

F = RecSum(ry) — RecSum(rs)
— SAT(A) — SAT(B) — 2SAT(C) + 2SAT(D) + SAT(E) — SAT(F)
(2.5)

Weak classifiers

Each Haar-like feature corresponds to a weak classifier. Each weak classifier
h; is composed of feature value f;, threshold value 6;, and sign p; (indicating
the direction of the inequality, which can only take +1). The formula is:

)1 pifi(x) < pib;
hj = { 0  otherwise (2.6)

Each weak classifier depends on the feature value f; and the threshold
¢;. The training of the weak classifier is to determine the best value of the
threshold 6; under the current weight so that the classifier has the smallest
classification error value.

For each Haar-like feature, the feature values are calculated for all positive
and negative training samples, and the classification error corresponding to
each feature value is calculated. Then, the classification with the smallest

A
A B cl = |p
C D E F
Image Ima%

(a) (b)

Figure 2.8: Calculate Haar-like feature by integral image
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error is selected and its corresponding threshold is the optimal threshold of
the feature. Thus, a weak classifier can be trained. The formula is as follows.
The classification error value e§- at a certain threshold 9; and sign pé. is:

eé =min((ST+ (T~ —=57)),(S™ + (Tt —-8T))) (2.7)

S+ represents the weighted integral of all samples judged to be positive by
this weak classifiers, and S~ represents the weighted integral of all samples
judged to be negative by this weak classifiers. T represents the weighted
integral of all positive samples, and T~ represents the weighted integral of
all negative samples.

When the optimal threshold, the classification error value e; has a mini-
mum value:

e = min(eé) (2.8)

At this time, the corresponding threshold value 0; and sign pé- are obtained
for the weak classifier.

Complex classifiers

Considering there are a large number of Haar-like features and a large number
of weak classifiers derived from Haar-like features. To balance detection
accuracy and detection efficiency, weak classifiers with high classification
accuracy are selected to generate complex classifiers with higher classification
accuracy.

Among all the classifiers, several weak classifiers hy hs...h,, with the high-
est classification accuracy are selected, and complex classifier H; obtained
according to the following formula:

N 1 N
H, = { 1 Zj:l ajhj = 3 Zj:l aj; (2.9)

0 otherwise

a; is the weight of the weak classifier h; determined by the classification
accuracy. When a complex classifier performs a classification operation on
an image, it is equivalent to all the weak classifiers of this complex classifier
performing weighted voting according to their error rate.

As the number of weak classifiers increases, the error rate of the strong
classifiers decreases rapidly. For example, a complex classifier consisting of
400 weak classifiers with an error rate of 40% has an error rate of less than
1%. Considering a large number of weak classifiers, complex classifiers can
have a high detection accuracy.
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Joint
Windows

Image Sub- Complex
Windows Classifier 1

Complex
Classifier 2

Complex
Classifier N

NON-Joint NON-Joint NON-Joint

Figure 2.9: Cascade structure

Cascade structure

Although the complex classifier has high detection accuracy. However, con-
sidering that there are a large number of sub-windows in each image, it
will have a large amount of computation and cost a lot of time, if the com-
plex classifier with the strongest classification ability is used to detect each
sub-window. Therefore, the cascade structure is introduced to improve the
operational efficiency of the detection.

A cascade structure is a combination of a series of complex classifiers.
As shown in Fig. 2.9, the cascade structure is a structure that connects
several complex classifiers in series. First, the non-joint sub-windows are
removed by the complex classifier with a fast detection speed, then uses
a stronger complex classifier to classify the sub-windows that the previous
classifier cannot distinguish. During the detection process, only the joint sub-
window and a very small number of negative sub-windows through all the
complex classifiers in the cascade structure, and most of the non-joint sub-
windows will be gradually eliminated during the detection process. Because a
large number of non-joint sub-windows are removed from the first few strong
classifiers of the cascade structure, only a small number of sub-windows that
are difficult to distinguish enter the subsequent strong classifiers. Therefore,
this type of classifier structure can greatly reduce the calculation and improve
the detection speed.

Joint classifier

Figure 2.10(a) is the detection result by the classifier trained by AdaBoost.
Combining finger location and angle detection algorithm and the joint loca-
tion detection algorithm, the location of joints in hand radiographic images

can be detected. The location of each joint in the hand radiographic image
is shown in Fig. 2.10(b).
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Figure 2.10: (a) Joint location. (b) Joint location in hand radiographic

image.

2.1.3 Joint position calibration

Actually, the location of joint windows obtained by using a classifier usually
has pixel-level deviation. This subsection aims to align two joint images. As
shown in Fig. 2.11, (a) is two PIP joint images of the little finger. (b) is the
margin of the PIP radiograph in (a) before position calibration (red: baseline
radiograph, cyan: its follow-up radiograph). From sub-images (a) and (b),

(@) (b) (c)

Figure 2.11: Results of joint position calibration: (a) A PIP joint of the
little finger in baseline radiograph (red border) and its follow-up radiograph
(cyan border). (b) The margin of the PIP radiograph in (a) before position
calibration (red: baseline radiograph, cyan: its follow-up radiograph, white:
overlap). (c¢) The margin information after position calibration.
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we can easily see the location difference between the two joint windows. We
propose a low computational solution based on FIPOC to calibrate the joint
position, a detailed discussion of FIPOC implementation is presented in § 3.2.

Usually, the bone surface texture is frequently changing and varies when
the bone is growing, and these irregular variation will cause phase dispersion
in phase difference spectrum when using POC method. Our experiments
show that margin preserving filter can significantly reduce mismatch error of
POC, which can suppress bone surface texture information while preserving
the bone margin. In our work, we preprocess the image using a median filter
to calibrate position deviation [9].

As show in Fig. 2.11 (c) the joint position calibration which relies on
FIPOC cannot reduce the deviation with ground truth. It can limit relative
position deviation between baseline and follow-up joint windows within one
pixel.

2.2 Key point detection based joint location
detection

As shown in Fig. 2.12, the proposed joint location detection architecture
consists of three consecutive CNNs. These networks sequentially implement
the following functions: normalizing the input hand radiography, detecting
rough joint positions and correcting joint position. The important properties
of the CNNs are given in Table 2.1.

Because the left hand and right hand radiographic images are mirror-
symmetrical, left hand radiographic images are mirrored horizontally for
standardization. An AlexNet-like network is implemented to classify ra-
diographic images [10]. To reduce training and detection time, we cropped
out the part without joint information in the lower half of the input single
hand radiographic image from 1430x1722 pixels to 1430x1430 pixels, and
down-scaled from 1430x 1430 pixels to 100x 100 pixels.

In the joint position detection network and the joint position correction
network, the CoordConv layer is used to improve the accuracy of key point
detection [11]. The joint position detection network can detect the rough
position of 14 joints from a right hand radiographic image (28 coordinate
data in total). Then, a square area centered on the the rough position of
each joint was cropped from original radiographic image as the input of
the joint position correction network. Considering that the size of different
joints are different, we used different size of cropping windows for different
joints based on our experience. The size of Distal Interphalangeal (DIP)
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HAND CLASSIFICATION NETWORK JOINT POSITION DETECTION NETWORK
Left/Right Position
Hand Xx14 joints
N >
1+2(coordinate)
JOINT POSITION CORRECTION NETWORK Convolution + ReLU

Convolution + ReLU + BN

Position MaxPooling

x1 joint
Full Connection + ReLU
Full Connection + Sigmoid

1+2(coordinate) CoordConv

Figure 2.12: The joint location detection method consists of three consecutive
CNNs. The first network is used to classify left or right hand, and mirror left
hand radiography horizontally for standardization. The second network can
detect the rough position of 14 joints, and the CoordConv layer is introduced
to improve the accuracy of key point detection. Finally, a deeper network is
used to correct the position of each joint.

Table 2.1: The CNN design properties of joint location detection method.

Hand Joint position Joint position
CNN . . . .
classification detection correction
Input layer size 100x100x 1 100x100x3 100x100x3
Output layer size 1 28 2
Number of layers 7 7 14
Activation ReLLU ReLLU ReLU
Optimizer Adam Adam Adam
Loss binary cross entropy MSE* MSE*
Number of epochs 10 100 100

* MSE: mean squared error.

joint, PIP joint, Interphalangeal (IP) joint and MCP joint are 60x60 pixels,
80x 80 pixels, 80x80 pixels and 100x 100 pixels respectively. And cropped
images were scaled to 100x 100 pixels for standardization (spatial resolution:
0.175mm /pixel).



26 CHAPTER 2. JOINT POSITION DETECTION AND CALIBRATION

Compared to the joint position detection network, the joint position cor-
rection network has a deeper structure to achieve higher accuracy. The loss
of the two networks were optimized with the ground truth separately.



Chapter 3

Joint space quantification

In our joint space quantification, we segment the upper and lower bones
by gully detection and then used phase only correlation-like algorithm to
calculate the movement of upper and lower bones, respectively. Then, the
JSN progression can be calculated according to the bone movements.

3.1 Joint segmentation

Take a MCP joint as an example, the proximal phalanx bone and metacarpal
bone are segmented from the joint image, based on gradient information, so
that the displacements of the proximal phalanx bone and metacarpal bone
can be measured separately.

iiff112f1

Jointimage i/|-1]-2(-1
fGy) dlf1]2f1
Convolution template s; ~ Depth image g(x,y) Integral image i(x,y)  Segmentation curve c(x)

Figure 3.1: Overview of joint segmentation based on gradient information.
Gully depth map g(z,y) is calculated to define the depth feather. Indepen-
dent margin filtering on the upper and lower side determines the pixel depth.
Height-adjustable convolution template S; ensures that a given range of gully
can be detected. The integral image i(x,y) is calculated to search the seg-
mentation curve c¢(x) with the maximum depth-sum.

27
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Figure 3.2: (a) Joint image f(z,y). (b) Convolution template S;. (c) Gully
depth map with any width g;(x,y). (d) Gully depth map g(x,y) and bone
margin.

3.1.1 Depth image

The depth map is used to gauge the depth of each pixel within a given
range of width. Only the vertical depth is detected in this work, because all
joint images are arranged vertically. Nevertheless, the depth of any direction
can be detected with a customized convolution template S;. The detailed
explanation is shown in Fig. 3.1.

In order to detect depth within a range of width, a height-adjustable
convolution template \S; is used (7 is odd) to calculate the depth of i pixels
gully height. Consider a joint image f(x,y) with M pixel width and N pixel
height. The convolution of f(z,y) can be formulated as shown in Eq. 3.1.

1 (3i—1)/2
gia(xay) = Z Sz(kal)f(x+k7y+l)
k=—11=—(i—1)/2
) (im1)/2 (3.1)

gia(x,y) represents the gradient above, and g¢;(x,y) represents the gradient
below. The smaller gradient is defined as the depth, as shown in Eq. 3.2.

9i(w,y) = min(gia(x, ), gin(2, y)) (3.2)

The depth images g;(z,y) of the joint image f(x,y) are shown in Fig. 3.1
when ¢ is 3, 5, 7 or 9. The 7 represents the height of the height-adjustable
convolution template S;. In depth map g;(z,y), narrow gullies can have high
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intensity when ¢ is small, conversely, wide gullies have high intensity when
is large.

A max-pooling is performed on depth map g;(z,y) to down-sample, as
shown in Eq. 3.3.

g(l’, y) = max(gimin (LL’, y)7 s Jimas (JI, y)) (33)

The [imin, imaz] Tepresents the range of the height of convolution template
S;. This range is positively correlated with the spatial resolution. In our
experience this range is defined as [imin = 1,%me: = 9] when the spatial
resolution is 0.175 mm/pixel.

3.1.2 Integral image

The integral image i(x,y) is an intermediate matrix, which is used to find
the segmentation curve with the maximum depth-sum. It can be expressed

-0.5+0.5 5.1+7.5 4.9+14.2 3.8+20.5

2,0+1.1 3.0+44.5 5.5+8.7 6.2+143 || 57+221 | 4.0+287
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r 1 ¥ O
2.3+2.2 3.3+5.4 5.0+9.3 7.3+14.8 6.6+22.1 3.1+28.7

3455 5.5+9.3 5.2+16.0 3.9+22.1| 0.7+28.7
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S
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>

‘ Calculation direction

- -

(b) (€) (d)

Figure 3.3: (a) Gully depth map g(z,y). (b) Weight-sum map r(x,y). (c)
Segmentation result. (d) Result in the joint image. 3. Step 1: Add the local
maximum in the left column to the current point. Step 2: Following the
maximum value from right to left leads to obtaining the segmentation curve.
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as the local maximum in the left column plus depth map ¢(z,y), as shown
in Eq. 3.4.

(o, y) = {g(w y) z=0
’ max(i(x — 1L,y — 1),i(z — 1,y),i(x — L,y + 1)) + g(z,y) x>0

(3.4)
g(x,y) is the gully depth map calculated in the previous subsection, and
i(x,y) is the weight-sum matrix.
In our experiment, we use morphological dilation method [2] to speed up
computing, as shown in Eq. 3.5 and Eq. 3.6.

e z=0
T(z) = { (=) (3.5)
010
D=|010 (3.6)
010
g(x) is the column x of the gully depth map, r, is the column x of the

weight-sum matrix. Matrix D is the kernel of morphological dilation method.
Dilation is used only in vertical direction as show in Eq. 3.6.

3.1.3 Segmentation curve

The segmentation curve with the maximum depth-sum can be determined
from integral image i(z, y) as follows. First, determine the maximum value of

Segmentation Result PEAK
(3D Mesh Plot)

PEAK \

Figure 3.4: The 3D segmentation result of a MCP joint radiographic image.
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the rightmost column in i(z,y) as the end point of the segmentation curve.
Then, select the maximum of the three adjacent pixels in the left column
in i(x,y) as the next point of the segmentation curve until arriving at the
leftmost column. The segmentation curve c(z) is defined as Eq. 3.7. The
arg max, i(7, y) indicates the index of the maximum value on the y axis for
a given x value in a given y range.

{ye[O,N—l] v=M-1

yele(z+1)—1c(z+1)+1 z2<M-1 (3.7)

c(x) = argmaxi(x,y)
y
The binary matrix of the proximal phalanx bone s¢(, y) and the metacarpal
bone s;(z,y) can be expressed as Eq. 3.8, according to the segmentation
curve ¢(x).

so(z,y) =

0 otherwise

51(2,y) = {1 y > c(x)

{1 y < c(x)
(3.8)

0 otherwise

An example of finger joint segmentation is shown in Fig. 3.1. And the
segmentation result is shown in Fig. 3.4.

3.2 JSN progression quantification by PIPOC

The basic concept of JSN progression quantification by FIPOC or PIPOC
can be described using the flowchart in Fig 3.5. Take a MCP joint as an

DFT
SegmentationM - ’m‘l - Time domain
7 1
, M wl - Frequency e
- - r

1
1
1

1
1
IDFT |
1

DFT o
Image f Phase F | EEEEEr e e e e T PP E e EE e P E 1 |
-l miwlima Cross Phase LIBIEI|  Phase

L PSRN | Spectrum R Difference 7
Image g Phase (¢ (it PR 1 : Complex
Conjugate

Movement

--------- > Full image phase only correlation

- — —» Partial image phase only correlation

Figure 3.5: A flowchart describing the sequence of operations for implement-
ing FIPOC and PIPOC algorithms.
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(@) (b)

Figure 3.6: (a) The baseline radiographic image. (b) The follow-up radio-
graphic image.

example. Consider two images, the baseline image f(z,y) and its follow-up
image g(x,y), which are divided into k regions, as shown in Fig. 3.6.

Consider a region i, let «; and (; represent sub-pixel displacement from
f(z,y) to g(z,y) in x and y directions respectively, and a binary matrix
si(z,y) that includes segmentation information. So, g(z,y) can be repre-
sented as Eq. 3.9.

gey) =30 Fo— iy — ) * i) (3.9)

A 2D Hanning window function is applied to input images f(z,y) and
g(z,y) to reduce the effect of discontinuity at image border [12]. The Hanning
window w(x,y) can be defined as:

1+ cos(57) 1+ cos(%)
2 2

Let F(u,v) and G(u,v) denote the 2D DFT of the two images. Con-
sidering the properties of DFT F, F(u,v) and G(u,v) can be expressed as
Eq. 3.11.

Fu,v) = F(f(z,y)w(z,y))  Gu,v) = Flg(z,y)w(z,y)) (3.11)

Next, extract the phase component of F'(u,v) and G(u,v), the functions
are divided by the amplitude, as Eq. 3.12. The phase spectrum is shown in
Fig. 3.7.

w(z,y) = (3.10)

. F(u,v) 4 G(u,v)
F(u,v) = ——=+ G(u,v) = ————=

|F(u, )] |G (u,v)]

FIPOC will calculate the phase difference spectrum 7 (u, v) between F(u,v)
and G(u,v) immediately (the dotted line in Fig. 3.5). But when the displace-

ment of each region is different, there will be several dirac delta functions in

(3.12)
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(@) (b)

Figure 3.7: (a) The phase spectrum of the baseline radiographic image. (b)
The phase spectrum of the follow-up radiographic image.

phase difference spectrum, as show in Eq. 3.13.

P(u, v) = ZTZOM(O@, Bi) (3.13)

Different from FIPOC, PIPOC segments the phase spectrum in spatial
domain. Next, the phase spectrum f(z,y) of image f(z,y) and the phase
spectrum §(z,y) of image g(z,y) in spatial domain are obtained by Inverse
Discrete Fourier Transform (IDFT) F~!.

f(x,y) = FH(F(uw,0)  gla,y) = F (G (u,0)) (3.14)

Segmenting region i by using segmentation matrix s;(x,y), as shown in
Fig. 3.8 and Eq. 3.15

~

Jilw,y) = flx,y) = si(x,y) gilae,y) = glz,y) = si(z,y) (3.15)

Subsequently combining DFT F and Eq. 3.15 to develop the phase spec-
trum of the region ¢ in the frequency domain.

A

Fi(u,0) = F(filw,y))  Gi(u,v) = Flgi(z.y)) (3.16)

The normalized cross phase spectrum R;(u, v) of region i between F(u, v)
and G(u,v) can be obtained respectively as given in Eq. 3.17. Here, G;(u,v)
in Eq. 3.17 denotes the complex conjugate of G;(u,v).

>

R;i(u,v) = i(u’v)Gf(u’U)
| i(U,U)GZ'(u,UH

(3.17)

>
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Figure 3.8: (a) The upper bone of the baseline radiographic image. (b) The
lower bone of the baseline radiographic joint image. (¢) The upper bone of
its follow-up radiographic joint image. (d) The lower bone of its follow-up
radiographic joint image.

Next, the phase difference spectrums 7;(z,y) of region i between the two
images are obtained by IDFT F~!. The location of the dirac delta function
0 represents the displacement between two images.

ri(z,y) = F 1 (Ri(u,v))

In case of Fourier Transform (FT), the location of the peak of dirac
delta function § in the phase difference spectrum 7;(z,y) can be determined
according to the maximum peak.

(Oéz'/, Bi/> = argmax 721’(1'7 y) (3-19>

(z,y)

Consider the DFT, the least-square fitting method employed to estimate
displacement (v, 8;) around the maximum peak (o, 5;'). Since the ¢ func-
tion has a very sharp peak, limited number of data points 5 x 5 are used to
fit ¢ function [12] in this work. Thus, the JSNy, between image f(z,y) and
image g(z,y) can be quantified according to the displacement difference be-
tween the proximal phalanx bone s¢(z,y) and the metacarpal bone s;(z,y),
as show below.

JSNyy = By — 51 (3.20)

accuracy. The loss of the two networks were optimized with the ground truth
separately.
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3.3 Joint angle correction by RIPOC

As reported in § 3.2, the PIPOC can simultaneously monitor the movement
of multiple objects with sub-pixel accuracy. However, the experiments in
§ 5.2.2 shows that the inconsistent angle between the upper and lower bones
of the joints can affect the accuracy of JSN progression quantification, and it
may lead to mismatches. Although by using guide lines we can standardize
hand posture when taking radiographic images, thus effectively reducing the
number of inconsistent joint angles. Considering that RA can cause ankylosis
in peripheral synovial joints and impair the movement and flexibility of digits,
consistent joint angle may be difficult for RA patients with limited finger
function. We introduced RIPOC [13] based joint angle correction in the JSN
progression quantification to control mismatch cases.

The basic pipeline of the JSN progression quantification with joint angle
correction can be described as shown in Fig. 3.9. Consider two joint radio-
graphic images, a baseline joint radiography f(z,y) and a follow-up joint
radiography g(z,y). The joint angle of f(x,y) and g(x,y) is different. These
two joint radiographic images can be divided into upper and lower bones.
The segmentation information is included in a set of binary matrix s;(x,y)
(¢ = 0 indicates upper bone and ¢ = 1 indicates lower bone). The 6, and
0, represent the angle difference of upper and lower bone respectively. The
(v, Bo) and (aq, ;1) represent sub-pixel displacement of upper and lower
bones in (x,y) directions respectively. Then, the follow-up joint radiography
g(z,y) can be represented by the baseline joint radiography f(x,y) as follow.

1

g(x,y) = Z f(zcost; + ysinb; + a;, —xsinb; + ycosh; + B;) * s;(z,y) (3.21)
i=0

As reported in [14], segmentation in frequency domain can affect control
the noise in phase difference spectrum when compared with segmentation in
spatial domain. Take an example of quantifying the movement of the upper
bone, the phase spectrum of upper bone fq (x,y) and go(z,y) can be denoted
as follow.

) _ e U@ ywlzy)

folw,y) =F (|_7_-(f($7y)w(x,y))|> ol&9) (3.22)
) . _1 .F(g(xay)w(m’y>) * Snlx |
go(iv,y) =F (’]:(g(x,y)w(w,y))!) 0( 7y)

Here, F denotes the 2D DFT, and F~! denotes the 2D IDFT. w(z,y)
denotes the window function, we used the Hanning window in this work.
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Figure 3.9: Overview of JSN progression quantification with joint angle cor-
rection.

Next, the bone angle of follow-up radiography is corrected to baseline
radiography by using RIPOC [13], as shown in Fig. 3.10. Consider that the
phase spectrum of upper bone of the follow-up radiography go(z,y) and the
baseline radiography fo(:c, y) are related by:

go(z,y) = fo(xcosby + ysinby + g, —xsinby + ycosby + Ho) (3.23)

According to the FT property the transform of fo(x,y) and go(z,y) are
related by:

Go(&,n) = e?2mEa0tnbo) s Fy(Ecoshy + nsinby, —Esinby + ncoshy) — (3.24)

Let Mg, (€§,n) and Mg, (€, 7) denote the magnitudes of Fo(f, n) and Go(ﬁ', n)
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Figure 3.10: Principles of RIPOC. The rotation can be represented as trans-
lation displacement in polar coordinates. By detecting the displacement with
POC, the rotation can be easily calculated and corrected.

respectively. Combining the Eq. 3.24, then, we can represent as follow.
Mg, (§,n) = M, (§cosy + nsinby, —Esinby + neosty) (3.25)

Rotation can be represented as a translation displacement in polar coor-
dinates, as given in Eq. 3.26.

Mg, (p.0) = My (0,0 — 0o) (3.26)

As shown in Fig. 3.10, combining the Eq. 3.26 and FIPOC, the angle
difference 6, can be easily calculated. Then, the corrected phase spectrum

of upper bone of follow-up radiography g;(z,y) can be represented as given
in Eq. 3.27.

a(x,y) = folz + a0,y + Bo) (3.27)

Then normalized cross phase spectrum Rl(u, v) of gy(z,y) and fo(x,y)
with F'T can be defined as:

Ro(u’v) _ ‘F(fo(x7y)>f(§0/($ay)) _ ej27r(§ao+n[30) (328)

F (folw ) F(Go (. 9))|

Therefore, the location of the peak of dirac delta function ¢ in the phase
difference spectrum can be determined as

(ahy, B)) = arg max F L (Ry(u,v)) (3.29)

(z,y)

The least-square fitting method is employed to estimate the displacement
(v, Bo) around the maximum peak (af, f)). The same method can be used
to measure the displacement (oy, 1) of lower bone. Therefore, the JSNy,
between image f(x,y) and image g(z,y) can be quantified as Eq. 3.30.
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Figure 3.11: Principles of FIPOC. Consider two signals f(z) and g(z) with
a displacement. Since each wave has the same phase difference, the displace-
ment can be measured by the location of the dirac delta function in the phase
difference spectrum.

3.4 FIPOC and PIPOC

Previously, we had proposed a JSN progression quantification method [15,16],
which is based on FIPOC [12,13,17]. FIPOC is a well-known method for
image registration, it can estimate the relative displacement between two
images and it is based on the frequency domain analysis.

Figure 3.11 illustrates the principles of FIPOC using a 1-D signal analysis.
Considering that there is a single displacement « in the spatial domain be-
tween the two signals f(x) and g(z), this displacement appears in the phase
difference spectrum as a dirac delta function with coordinate . FIPOC can
measure the displacement by quantifying the coordinate of the dirac delta
function. In ideal conditions (no noise, same image content), the dirac delta
function in the phase difference spectrum can have exactly low phase disper-
sion. Thus, FIPOC can have an error range within 0.01 pixel when measured
on a set of 200 pixels x 200 pixels images (the accuracy can improve with
higher image resolution) [12].

Nevertheless, when the displacement between two signals is different in
different regions, the phase dispersion will appear in the phase difference
spectrum, as shown in Fig. 3.12. Take the baseline MCP joint image f(z,y)
and its follow-up image g(x,y) as an example (like Fig. 3.13), let ag and
oy represent the vertical displacement of the proximal phalanx bone and
metacarpal bone respectively. When «q and «; is different, the displacement
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Figure 3.12: When the displacement between two signals is different in differ-
ent regions, the phase dispersion will appear in the phase difference spectrum
when using FIPOC.

of each region will show a dirac delta function in the phase difference spec-
trum, its center coordinate represents the displacement, and its intensity is
positively related to the region. Thus, the JSN progression can be quantified
by calculating the distance difference between these two dirac delta function.
This basic idea is widely be used in image processing. In [18] Shimada et al.
proposed a sparse disparity estimation algorithm based on FIPOC for depth
prediction in binocular stereo vision. [18] estimate sparse disparity in differ-
ent depths of field by separately calculating the positions of multiple dirac
delta functions in phase difference spectrum. However, considering that the
dirac delta functions in close proximity can affect each other and even over-
lap, as shown in Fig. 3.14. And could reduce the accuracy of their coordinate
measurement. The precise position of each dirac delta function can be ob-
tained if and only if the displacement differences between multiple regions
are large enough (about 3 pixels [18]).

When the displacement difference is small and cannot be simply quanti-
fied by using the above method, then alternately in previous works they would
segment images in spatial domain [15]. Compared to the FIPOC method to
directly quantify the displacements of different regions in the phase difference
spectrum, the proposed method combines FIPOC, spatial domain segmen-
tation and image in-painting algorithm to quantify smaller displacement dif-
ferences, additionally, it can have wider application prospects in issues where
the displacement differences are small (like JSN progression quantization).
Indeed, this approach can quantify the small displacements of multiple re-
gions from independent images respectively. However, if we don’t fill vacant
space by using image in-painting algorithm, we cannot apply Fast Fourier
Transform (FFT) and Inverse Fast Fourier Transform (IFFT) for FIPOC
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Figure 3.13: Take two MCP joint image as an example, a schematic dia-
gram of the comparison of the dirac delta function in the phase difference
spectrum when using FIPOC (without segmentation), FIPOC (segment in
spatial domain and combine with in-painting algorithm) or PIPOC (segment
in frequency domain) when there are multiple regions with different displace-
ment.

processing. The in-painting algorithm can generate some non-existent phase
features, and thus lead to phase dispersion in phase difference spectrum. This
phase dispersion can increase quantification error and even cause mismatches
(the second row in Fig. 3.13). Therefore, we have found a method to exploit
the effectiveness of FIPOC, no matter what shape the segmentation is in.
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Figure 3.14: When the different of the displacements between two signals is
small, the dirac delta functions in close proximity can affect each other and
even overlap when using FIPOC.

PIPOC, the algorithm proposed in § 3.2, can determine the location of
each dirac delta functions and avoids the impact of the various object segmen-
tation including any form background on accuracy in the phase spectrum. In
our JSN progression quantification experiments, PIPOC has a lower phase
dispersion compared to the method combining FIPOC, spatial domain seg-
mentation and in-painting algorithm. PIPOC can avoid the effects of in-
painting algorithms, and obtain a sharper delta function in phase spectrum
(the third row in Fig. 3.13). The proposed PIPOC can further improve the
accuracy and robustness of the JSN progression quantification.

3.5 Measurement reliability quantification

In this section, we propose a metric to quantify the reliability of the JSN
progression quantification with joint angle correction. This metric can be
used to evaluate the probability of mismatch. This reliability metric is de-
termined based on phase dispersion. According to the experiments in [14],
changes in bone contours can affects the accuracy of JSN progression quan-
tification, and result in phase dispersion in the phase difference spectrum.
This phase dispersion appears as multiple low peaks in the phase difference
spectrum instead of a single Dirac delta function. This phase dispersion can
affect the Dirac delta function position quantization and cause measurement
errors or even mismatches. Figure 3.15 shows two 3D graph of the phase
difference spectrum for the clinical images, and the maximum peak value
for each spectrum is normalized as 255. By comparing the phase difference
spectrums in Figure 3.15, we can easily observe that the phase dispersion
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Figure 3.15: The difference between measurement mismatch and success on
3D graph of the phase difference spectrum. The left spectrum is a successful
measurement, and the measurement on the right is mismatched. Successful
measurement has lower phase dispersion, which manifests as sharper Dirac
delta function peak, and higher signal-to-noise ratio (the ratio of the main
Dirac delta function peak to other peaks).

of a mismatch case is clearly higher than that of the success case. In this
study, the phase dispersion is used to represent a confidence index using SD.
For the normalized image, to suppress the influence of the main Dirac delta
function, the SD of the entire image is obtained by setting the 3 x 3 pixels
around the peak as 0, and the sum of the upper and lower bones are used as
the confidence index.

For the confidence index, the mean value for the measured clinical image
dataset is 40.83, whereas the mean for the 10 pairs of images with confirmed
mismatches are 79.42. Figure 3 shows an example of the joint images that are
measured and their confidence levels re-spectively. The SD with no rotation is
22.12, while the SD with rotation is 50.82, indicating that the SD increases
as the mismatch probability increases. We invite one radiologist and one
radiological technologist in our experiment. According to the confidence
index, we divide the JSN progression quantitative results into high index
group (mismatch group) and low index group (success group). Both the
radiologist and the radiological technologist find that the JSN progression
quantitative results in the low index group are more consistent with the
trends they assessed. In the literature, there are no means to discriminate
the mismatch of a successful case in POC. But the proposed confidence
index can help JSN progression quantification algorithm to be applied in
clinical environment, and improve the accuracy of the measurement by giving
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Figure 3.16: The confidence index of a successful case (left: 22.12) and a
mismatch case (right:50.82).

a reference for the reliability. In addition, the best quantization result can
be selected from multiple quantization results according to the confidence
index, which will result in higher accuracy.

The proposed confidence index for JSN progression quantification base
on PIPOC. The confidence index is defined by using the SD for the phase
difference spectrum of POC. By focusing on each mismatch factor, we focus
on the characteristic that the POC output is not a Dirac delta function but
an output with many low peaks due to pattern matching failure, and use the
SD, which is a variability index, as a measurement reliability index.
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Chapter 4

Materials

Imaging phantom based experiments were studied to evaluate our algorithm’s
performance. From our experiments we observed that the manually labeled
JSW has pixel level mean error, and it is discussed in § 5.2.1. To evaluate
the performance of our algorithm, we prepared phantom and clinical images.
Phantom images with ground truth were used to measure accuracy in terms
of absolute error.

4.1 Phantom study

Imaging phantoms are specially designed physical test objects for simulat-
ing anatomical structures of the body, which makes them easier and more
convenient to use. The two-layer phantom can simulate the X-ray absorp-
tion coefficient (CT value) of bone cortex and cancellous bone. This is an
advantage in X-ray imaging due to dose issues, phantom devices can be thus
tested without using human volunteers.

4.1.1 Phantom design

A phalanx-shaped phantom was produced using vacuum-sintered bodies of
a novel apatite called Titanium Medical Apatite (TMA) [1]. The chemical
formula of TMA is Ca19(POy)g - TiOs - (OH)s - nH>O. TMA powder was
kneaded with distilled water, and solid cylinders of compacted TMA were
formed by compression molding at 10M Pa. TMA was vacuum sintered using
a resistance furnace at about 1073 Pa.

Using TMA to design imaging phantom has the following advantages: (1)
The CT value of phantom in radiographs can be easily modified by changing
the ratio of TMA and adhesive. (2) TMA bodies are easy to process and

46
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Figure 4.1: A MCP joint-shaped two-layer phantom design and phantom
imaging environment. (a) A MCP joint in radiographic clinical imaging. (b)
A diagram of two-layer structure bone (dark blue: Bone cortex, light blue:
Cancellous bone). (c) A set of MCP joint-shaped two-layer phantom. (d)
The phantom joint connect with the attaching portion. (e) The phantom
imaging environment.

model with a 3D-modeling machine or a lathe. (3) TMA vacuum-sintered
bodies has a density of approximately 2300kg/m3 (corresponding to that of
a compact bone or a tooth).

The phantom used in our experiment is a two-layer TMA vacuum-sintered

body to simulate the CT value of bone cortex and cancellous bone. The dia-
gram of the two-layered bone is shown in Fig. 4.1 (a) and (b). The phantom
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Table 4.1: Phantom design preparation

Bone cortex  Cancellous bone

TMA : adhesive 1:1.2 1:5
Particle Size (um) 107 ~ 250 107 ~ 250
Temperature (K) 1370 1370

mimics MCP joint, proximal phalanx, and the metacarpal bone. The assem-
bled phantoms are shown in Fig. 4.1 (c). The important properties of our
phantom bones are given in Table 4.1 [1].

4.1.2 Imaging environment

The phantom joint was mounted on to the stage as shown in Fig. 4.1 (d).
The phantom stage was connected to a micrometer, and thereby the JSW
of phantom could be easily adjusted using the micrometer controls. JSW
range is up to 13 mm, and has a minimum scale of 0.01 mm. There is
substantial evidence that JSW has a close relationship with age and sex in
healthy populations [2,3]. In addition, RA is more frequent in females who
are between 30 and 50 years of age, and their JSW is around 1.70 mm [2, 3].
In our work, JSW standard of phantom was set as 1.70 mm. Following two
sets of phantom images with different specifications were provided. (i) JSW
range: 1.20 mm - 2.20 mm, and increment step size: 0.10 mm (ii) JSW range:
1.65 mm - 1.75 mm, and increment step size: 0.01 mm.

Figure 4.2 shows some MCP joint phantom images that were used in
our experiments. Clinical researches show that tomosynthesis is superior to
radiography for the manual evaluation of JSN and the manual detection of
bone erosion in patients with RA [4,5]. However, considering that radio-
graphy is the most widely used imaging technique in the diagnosis of RA,
we utilized both imaging techniques (radiography and tomosynthesis) in our
phantom experiments.

The radiographic imaging device used in our phantom experiment is F'U-
JIFILM DR CALNEO Smart CJ7 from Fujifim Corporation, Tokyo, Japan,
with a 1.5 mm X-ray aluminum filter thickness. The tomosynthesis imag-
ing device is Side Station i3 from Shimadzu Corporation, Kyoto, Japan.
The reconstruction function used in tomosynthesis is IR Hand F, and the
effective slice thickness is 2 mm. Digital Imaging and Communications in
Medicine (DICOM) standard was used in managing our datasets in phantom
study. The spatial resolution used in our radiographic phantom study is
0.15 mm/pixel at 12 bit depth. And 0.26 mm/pixel at 12 bit depth in our
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Figure 4.2: MCP joint phantom images in different imaging conditions (tank
filled with air or water). Radigraphic imaging: (a) air (b) water. Tomosyn-
thesis: (c) air (d) water. In each group we show two images with different
JSW, left: 1.20mm, right : 1.30mm.

Table 4.2: Radiographic imaging configuration parameters

Radiography Tomosynthesis
Phantom  Clinical Phantom
Tube voltage (kV) 50 42 47
Tube current (mA) 100 100 250
Exposure time (mSec) 20 20 105
Source to image (cm) 100 100 N/A

tomosynthesis dataset. For detailed imaging parameter descriptions, please
refer to Table 4.2.

In phantom-based experiments, filling air is easier to implement, for com-
parison with existing and possible future air-filled phantom studies, we im-
aged phantom in the air. Nevertheless, in clinical studies, the X-ray beam
can be attenuated by the tissue, these attenuations are displayed as noise
in the radiography. In related phantom studies, water is usually used to
simulate the noise generated by the beam attenuation in the tissue [6,7]. In
our phantom study, the phalanx-shaped phantom was mounted on the stage
as shown in Fig. 4.1 (d), and placed in a tank. We can image the phantom
with low noise when the tank is filled with air, or filled with distilled wa-
ter which has an X-ray absorbing properties similar to normal tissue. Our
experimental phantom imaging setup is shown in Fig. 4.1 (e).
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Table 4.3: Patient information in the clinical dataset

Mean + SD Range
Age at enrollment (year)  55.83 + 13.86  20.68 ~ 88.00
Number of Photography* 4.30 £ 2.54 3~ 17

Treatment Duration (year) — 4.01 £ 3.43 0.88 ~ 12.10

" Patients did two-handed or one-handed radiographic imaging.

4.2 Clinical dataset

4.2.1 Study population

For clinical assessment, we prepared dataset from Sagawa Akira Rheuma-
tology Clinic (Sapporo, Japan), Sapporo City General Hospital (Sapporo,
Japan) and Hokkaido Medical Center for Rheumatic Diseases (Sapporo,
Japan). This dataset contains 1120 hand posteroanterior projection radio-
graphs from patients diagnosed with early-stage RA. All images were used
in the joint position detection experiments. Considering that several images
were required to evaluate our work when calculating SD. Thus, images of
patients who were radiographed at least three times were retained, which
contains 549 hand posteroanterior projection radiographs of 77 RA patients
out of which 88.0% are female. Detailed patients information are summa-
rized in Table 4.3 (please note, the gender and age information of a small
number of patients were not included upon patient request).

This study was conducted in accordance with the guidelines of the Dec-
laration of Helsinki and approved by the Ethics Committee of the Faculty of
Health Sciences, Hokkaido University (approval number: 19 - 46).

4.2.2 Imaging environment

The radiographic imaging device used in our clinical study is DR-155HS2-
5 from Hitachi Corporation, Tokyo, Japan, with 1.5 mm X-ray aluminum
filter thickness. The centering point of the X-ray beam was the MCP joint
of the middle finger. DICOM standard was used in managing our cilical
dataset, and the image resolution is 2010 pixels x 1490 pixels, and a 0.175
mm X 0.175 mm pixel size at 12 bit depth. For detailed imaging parameter
descriptions, please refer to Table 4.2.
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Chapter 5

Experiments and discussion

5.1 Joint position detection

5.1.1 Classification based joint position detection

The results of joint location detection are shown in Fig. 5.1, the false negative
of classifier decreases gradually with the increase of the cascade layers, and
false positive gradually increase after 22 levels. We selected the 22-layer
classifier for joint position detection, which has a false negative ratio and
a false positive ratio of 0.31% and 0.50% respectively. The performance on
each joint is shown in the Table 5.1. From this table, we can observe that
false positives occurred mainly in the carpometacarpal joint of the thumb,

Figure 5.1: The variation in false positive and false negative ratios with the
increase of the cascade layers.
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Table 5.1: False negative and false positive counts and ratios of joint location
detection

False Negative False positive

IP DIP PIP MCP CMC Others
Thumb 24 N/A N/A 5 63 2
Index N/A 0 2 0 0 7
Middle N/A 1 1 0 0 2
Ring N/A 2 0 2 0 4
Small N/A 11 1 0 0 1

Overall 24(2.14%) 14(0.31%) 4(0.09%) 7(0.16%) 63 16

" CMC: Carpometacarpal joint.

Table 5.2: The error of joint location detection method.

Finger Joint! 10 pixel 5 pixel 3 pixel 2 pixel 1 pixel

P 99.76 89.86 67.15 49.52 26.57

MCP 99.52 93.96 74.40 46.38 18.12

DIP 100.00 100.00  98.07 85.27 42.27

Index PIP 100.00 99.52 92.75 78.74 45.17
MCP 100.00 96.62 81.88 99.18 27.78

DIP 100.00 99.28 96.62 84.06 40.82

Middel  PIP 100.00 98.79 92.27 74.15 37.68
MCP 99.52 98.07 86.47 64.49 31.16

DIP 100.00 100.00  98.55 89.13 50.72

Ring PIP 100.00 99.03 93.96 78.99 43.00
MCP 100.00 99.28 86.47 65.70 25.12

DIP 100.00 99.28 95.65 86.23 28.21

Small PIP 100.00 98.31 91.30 73.91 38.16
MCP 100.00 99.76 92.27 70.77 39.86

Overall 99.91 97.98 89.13 71.89 37.47

Thumb

which is the joint that most closely resembles the target joints in a hand
radiograph. And false negative appeared mainly in the thumb, especially
the IP joint. In our opinion, the main reason for this situation is that the
radiographic angle of the thumb is different from other fingers, resulting a
difference in radiography. Differentiation of the joint position detection on
the thumb may be effective in improving detection accuracy.
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5.1.2 Key point detection based joint position detec-
tion

Table 5.2 shows the distribution of errors of the joint location detection
method. As shown in this table, the proposed joint location detection method
has an error of less than 3 pixels in 89.13% joints. The mean error of DIP
joints and PIP joints are significantly lower than MCP joints. The mean error
of joints on the thumb are significantly lower than other joints. Considering
that we scaled different joints using different scales in the joint position cor-
rection network, the accuracy may be affected by the scaling, showing larger
errors on MCP joints.

5.2 JSN progression quantification

5.2.1 Phantom study

Phantom images with ground truth were used in this experiment to calculate
the absolute error of PIPOC ;| and to compare it with manual measurements.
Our manual measurement experiments were performed by one radiologist
and one radiological technologist after substantial training. An example and
its measurement method is showed in Fig. 5.2.

In our study, the mean error £ and RMSD is defined as:

B s 3 (3 SNy, = Ty (5.1

RMSD = \/ ﬁ S O8Ny~ Tr)?) (5.2)

Where n represents the number of phantom images in this set, JSN¢, is the
measured JSN between image f and image g by using PIPOC or manual
measurement. And T, represents the ground truth.

Figure 5.3, Fig. 5.4, Table 5.3 and Table 5.4 presents the measurement
result of phantom study. The manual measurement result of the radiologist
and the radiological technologist showed high similarity in terms of mean
error and RMSD in multiple phantom data sets. The mean error of manual
measurements are about 0.0555 mm (0.37 pixel) in low noise environment (air
sets), and 0.1036 mm (0.69 pixel) in high noise environment (water sets) in
radiographic phantom studies. For tomosynthesis datasets, the mean error
is 0.1780 mm (0.68 pixel) in low noise environment, and 0.1969 mm (0.76
pixel) in high noise environment. This shows that visual measurement also
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Figure 5.2: An example of manually measuring JSW (imaging device: to-
mosynthesis, environment: air, true JSW of phantom: 1.75 mm, manual
measurement result: 10.25 pixel). Manual measurement was done once with
care by one radiologist and one radiological technologist after substantial
training. They did not know the ground truth of the out-of-order phantom
images. They were asked to determine the center of the proximal phalanx
bone phantom by drawing straight lines horizontally (the white line in figure)
connecting both ends of the phantom base, then a straight line (the yellow
line in figure) was drawn from the center vertically, and the JSW overlapping
the straight line was measured.

can be greatly affected by the noise. On the other hand, this also indicates
the manually annotated data have sub-pixel level mean error. Hence, the
manually annotated ground truth may result in sub-pixel level deviation in
algorithm evaluation of other works.
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Figure 5.3: The measurement result of PIPOC and manual in phantom study
when using radiographic images. Blue lines are the relative JSW of each
image to the first image obtained by PIPOC . Orange dot lines are the
difference of manually measured JSW between every image and the first
image. The phantom of sub-figure (a), (b) is placed in air. The phantom of
sub-figure (c), (d) is placed in distilled water. The true JSW of phantom is
from 1.20mm to 2.20mm at increments of 0.10mm in sub-figure (a), (¢). And
it is from 1.65mm to 1.75mm at increments of 0.0lmm in sub-figure (b), (d).
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Figure 5.4: The measurement result of PIPOC and manual in phantom study
when using tomosynthesis images. Blue lines are the relative JSW of each
image to the first image obtained by PIPOC. Orange dot lines are the dif-
ference of manually measured JSW between every image and the first image.
The phantom of sub-figure (a), (b) is placed in air. The phantom of sub-
figure (c), (d) is placed in distilled water. The true JSW of phantom is from
1.20mm to 2.20mm at increments of 0.10mm in sub-figure (a), (¢). And it is
from 1.65mm to 1.75mm at increments of 0.01lmm in sub-figure (b), (d).
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In paper [1], only one phantom dataset (environment: air, JSW range:
1.20 mm - 2.20 mm, increment step size: 0.10 mm) is used in experiment.
The mean error of FIPOC is slightly lower than manual measurement. When
compared to FIPOC |, PIPOC can further improve the accuracy and robust-
ness in JSN progression quantification, by eliminating the impact of image
in-painting algorithm. As show in Table 5.3 and Table 5.4, our work only has
a 11.9% to 35.0% mean error, and a 11.7% to 32.0% RMSD when compared
to manual measurement in radiographic phantom study. For the tomosyn-
thesis datasets, our work only has 6.0% to 15.6% mean error, and a 6.0% to
16.1% RMSD in comparison to manual measurement. This illustrates the im-
proved performance of JSN progression quantification when using phantom
datasets. Considering the spatial resolution of radiography (0.15 mm/pixel)
and tomosynthesis (0.26mm/pixel), we can notice that PIPOC performs bet-
ter on tomosynthesis images when compared in pixels. We regard this differ-
ence is due to the sharper edge information of the tomosynthesis. Thus, we
recommend using PIPOC in tomosynthesis preferentially with same spatial
resolution.

In related works, the ground truth of joint space is usually measured
by the radiologist or the rheumatologist manually. But as discussed above,
manual measurement also have sub-pixel level mean error. Thus, manually
measured ground truth may result in sub-pixel deviation in algorithm evalu-
ation. This deviation is negligible when evaluating the algorithm on a pixel
scale. But it can be inaccurate on a sub-pixel scale. To the best of our
knowledge there are no published algorithms/methods which can compute
ground truth RA joint space with sub-pixel accuracy. We propose to use
the SD o of multiple measurements to demonstrate the reliability of PIPOC
without ground truth. The definition of SD can be described as follows.

In case of three images f, g and k, the JSN,_; between image f and
image ¢ can be indirectly calculated by introducing intermediate image k, as
given in Eq. 5.3.

JSN g = JSN i, + JSNyy (5.3)

Considering a set of images, the JSN¢, can be obtained by taking the average
of multiple measurements.

- 1 n
TSNy = -~ Zk:l JSN gk (5.4)

So, the SD o of JSNy, is defined as Eq. 5.5.

n

1 I
Tpg = | > (JSNjgx — JSN,)? (5.5)

k=1
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Figure 5.5: The relationship between the mean error £ and the SD o of all
sets of JSN in radiographic phantom data.

The SD oy, represents a dispersion of a set of JSNy, i (k € [1,n]).
According to our experiments when using phantom datasets, the SD ¢ and
the mean error E has a high positive correlation, as show in Fig. 5.5. The
Pearson correlation coefficient between o and E is 0.641 (count: 220, p-
value: < .001). For the above reason, and the most important advantage
that the SD ¢ not relying on the ground truth, we used it to measure the
performance of our work in clinical databases. In addition, we also found that
noise in radiography due to beam attenuation in tissue can greatly affects
the accuracy of measurements especially in terms of SD.

5.2.2 Clinical data

549 hand PA radiographs have been analyzed in this subsection. Compared
to phantom data, clinical data lay out additional challenges. The major
challenge in this work is the uncertainty of hand posture, different hand
postures can present differentiated bone contours.

According to our experiments, changes in bone contours can affects the
accuracy of JSN progression quantification. Here, we showcase (see Fig. 5.6)
majority of mismatch bone contour cases. The most frequent reason is the

inconsistent angle between the upper and lower bones of joint, as show in
Fig. 5.6 (a). This mainly occurs on IP and MCP joints. PIPOC has high
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\

(a) (b) (c)

Figure 5.6: Joints with mismatched registration. (a) Inconsistent joint angle.
(b) Bended finger. (c) Inconsistent projection angle.

Table 5.5: The mean SD in millimeter and the mismatching ratios for PIPOC

Clinical Data Phantom Data
1P DIP PIP MCP Air Water
0.093 0.078
Thumb (7.2%) N/A N/A (4.5%) - -
Index N/A 0.047 0.065 0.051 i i

(4.0%)  (5.2%)  (1.6%)

. 0.055 0.061 0.057
Middle  N/A -~ goon  (34%)  (4.3%) : :

0.029  0.033  0.023

i N/A ] _
Ring / (4.1%)  (1.8%)  (1.8%)
0.044 0053  0.038

Small N/A (5.9%)  (3.7%)  (2.0%) - -

0.093 0.044 0.053 0.050

Overall (7.2%) (5.0%) (3.5%) (2.8%)

0.007 0.025
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accuracy for translation detection, but weak resistance to rotation. Another
important reason of mismatched registration is the bending of the fingers,
which appears on DIP and PIP joints, for an example see Fig. 5.6 (b). Finger
bending can result in the changes of the far margin appearance of upper bone.
Besides, inconsistent projection angle also can be the reason, see Fig. 5.6
(¢). Most of the time it happens only on the IP joint, which is caused by
inconsistent joint position or thumb roll. The individuated finger movements
differ greatly as studied in [2]. Movements of the thumb, index finger, and
little finger typically were more highly individuated than were movements of
the middle or ring fingers. The angular motion tended to be greatest at the
PIP joint of each digit [2]. It is worth noting that, the flexibility of joint and
SD express high positive correlation (refer Table 5.5).

In summary, the hand posture should be consistent and avoid bending of
the fingers, especially the thumb when using our work for JSN progression
quantification. Thus, we strongly recommend that using guide lines lines to
standardize hand posture in taking radiography, this simple step can greatly
improve the accuracy of PIPOC .
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5.2.3 Comparison with related works

Table 5.6 compares our work with previous JSW/JSN quantification works.
In paper [3], they only used RMSD instead of mean error to evaluate the
accuracy of their work, so we standardized the error metric accordingly.
Considering that the error should conform to a Gaussian distribution, the
mean error and RMSD can be transformed by Eq. 5.6.

“+o00 1 22
E = x|l —— e 2RMSDZ (1
/_Oo 2 v 2w - RMSD

= \/g'RMSD
T

In paper [5], authors only give the corresponding percentage of the error
to the ground truth. Considering the JSW of MCP is around 1.70 mm
[6, 7], the mean error of MCP joint in millimeter is around 0.121. It is
noteworthy that, papers [3-5] used manual measurement results as ground
truth. As discussed above and in Table 5.6, manual measurement has an error
about 0.056 mm (low noise) / 0.104 mm (high noise) when using phantom
data (spatial resolution: 0.15 mm/pixel). Although this value can decrease
with higher spatial resolution, it is undeniable that in these works which
employ manual measurement as the ground truth, the mean error may have
a deviation.

The calculation procedure of SD in paper [4] is different from ours. They
measured JSW of each joint 10 times with varying clipping of the entire
radiograph. The SD quantified the uncertainty of measuring a radiograph.
In our work, an intermediate radiograph is introduced in SD calculation. The
JSN progression between the two radiographs and the intermediate image
is calculated respectively, thus, the SD can be obtained by changing the
intermediate image. When using the SD calculation method given in paper
[4], we measured a lower SD (DIP joint: 0.0099 mm, PIP joint: 0.0095 mm,
MCP joint: 0.0061 mm. These SDs do not include mismatched data, the
mismatching ratios are shown in Table 5.5).

Compared to the method which combines FIPOC , spatial domain seg-
mentation and image in-painting algorithm [1], this work has a lower mean
error in phantom study, and faster processing speed (on our clinical dataset,
PIPOC (Ours): 0.0121 sec/time, FIPOC [1]: 0.0358 sec/time). These im-
provements are due to the removal of the in-painting algorithm.

We can observe from Table 5.6 that even though the spatial resolution of
our work is poorer than those in the related works, our mean error and the
SD are significantly lower.

(5.6)
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5.3 Joint angle correction in JSN progression
quantification

In most of the cases, phase images of the same joint in different radiographic
images are similar, the PIPOC method can measure JSN between two joint
radiographic images with high accuracy and reliability. However, sometimes
there are uncontrollable conditions during radiography, like inconsistent joint
angle, finger bending, and inconsistent projection angle. For the above rea-
sons it can lead to chaos among the phase difference spectrum of PIPOC and
result in mismatching [8]. In our experiments, the JSN progression between
every two images is measured to reduce the influence of mismatching. Con-
sider n joint radiographic images from RA patient, the JSN, between image
f and image g can be indirectly obtained by taking the average of multiple
measurements.

__ 1 n
TSNy = — ZkZI(JSka + JSNy,) (5.7)

In Eq. 5.7, the JSNy;, is the JSN between image f and image k by using
JSN progression quantification with/without joint angle correction (in § 3.3).

We take a set of MCP joint radiographic images as an example. In this
set, the 3rd, 8th, 10th, and 12th joint radiographic images have significant
joint rotation, as shown in the lower line of Fig. 5.7. When we quantify the
JSN progression without joint angle correction, the joint rotation can greatly
affecte the accuracy and result in mismatching (the orange line of line chart in
Fig. 5.7). As shown by the blue line in the line chart, the mismatch caused by
inconsistent joint angle can be controlled by introducing RIPOC based joint
angle correction. A radiologist and a rheumatologist were invited to evaluate
quantification results with or without joint angle correction. In our data with
inconsistent joint angle, compared to JSN quantification results without joint
angle correction, the results with joint angle correction method are closer to
their qualitative judgment of the narrowing trend of joint space. In our
experiments, this method can enhance the robustness of the JSN progression
quantification based on PIPOC, especially for inconsistent joint angles. Joint
angle correction can provide new information in the form of the joint rotation
in radiographic images for diagnosis and prognosis. Since rotation is caused
by subluxation due to worsening JSN, the rotation parameter can be used as
one of the RA diagnostic indicators.
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Joint space narrowing (pixel)

Image number

Figure 5.7: The result of JSN progression quantification. The upper line
chart shows the difference between the result of JSN progression quantifica-
tion with joint angle correction (blue line) and without joint angle correction
(orange line). The following shows some MCP joint radiographic images and
their numbers used to generate the upper line chart. These radiographic
images are from a same RA patient, but these MCP joint radiographic im-
ages have different joint angles. As show in the line chart, inconsistent joint
angles can cause PIPOC to mismatch when quantifying JSN without joint
angle correction (orange line). The proposed joint angle correction method
can effectively manage these outliers.
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Chapter 6

Conclusion and future works

This thesis aims for computer-aided monitoring and diagnosis of RA. We
proposed a JSN progression quantization framework based on image registra-
tion. Our extensive experiments demonstrate that our proposed framework
promises high precision monitoring when compared to two mainstream re-
lated works; the scoring framework based on ML classification, and the JSW
quantization framework based on edge detection. Our proposed framework
can fill the gap in monitoring the JSN progression with high sensitivity, and
offers a broad application prospect.

We have improved the FIPOC algorithm by adding a phase spectrum seg-
mentation step, so that it can measure the displacements of multiple regions
at the same time. We named the improved FIPOC algorithm as PIPOC. As
an image registration algorithm, PIPOC is used in JSN progression quan-
tification. Compared to FIPOC, PIPOC can effectively avoid the impact of
the segmentation and in-painting process and reduce the phase dispersion in
the phase difference spectrum. In our phantom study, PIPOC shows a much
lower mean error than FIPOC.

We detect the joint positions by using two different methods; a joint
classifier which is trained by haar-like feature based AdaBoost, and a key
point detection network that consists of three consecutive CNNs. These
networks sequentially implement the following functions: normalizing the
input hand radiography, detecting rough joint positions, and correcting joint
positions. In our experiments, the proposed joint location detection method
has an error of less than 3 pixels in 89.13% joints. We also found that
the mean error of distal interphalangeal joints and proximal interphalangeal
joints are significantly lower than metacarpophalangeal joints. The mean
error of joints on thumb are significantly lower than other joints.

We introduced a RIPOC based joint angle correction in the JSN pro-
gression quantification. The proposed method can manage the mismatch of

69
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POC due to joint rotation. In this method, the rotation can be represented
as translation displacement in polar coordinates, and the rotation is com-
pensated by using displacement quantification by POC. The measurement
is robust against rotation, which has been a major weakness of conventional
POC algorithms.

In our phantom studies, and experiments using clinical dataset our al-
gorithm can measure the displacements of upper and lower bones with sub-
pixel accuracy. The measured mean error of our algorithm is in range of
11.9% - 35.0% in comparison to manual measurements using radiographic
phantom datasets, in range of 6.0% - 16.1% when using tomosynthesis phan-
tom datasets, and with a SD of 0.0519 mm when using radiographic clinical
dataset. Our work greatly improves the accuracy and sensitivity of JSN
progression quantification, which might help radiologists/rheumatologists to
make more timely judgments on diagnosis and prognosis in RA patients.

Currently, ML is applied to difficult tasks in medical image process-
ing [1-4]. We anticipate future studies in this direction. Our experiments in
this study have shown the superiority of image registration based JSN pro-
gression quantification framework in RA monitoring compared to the current
most popular classification based SvdH scoring framework, and the margin
detection based JSW quantification framework. Those ML-based image reg-
istration algorithms can be used for JSN quantization in RA. To address the
posture (finger movement) related constraints and inconsistent joint angle
which is likely to result in mismatched registration. Given the advantages
of ML, it may be possible to achieve higher robustness (lower mismatching
ratios) at the expense of a small amount of accuracy [2]. Furthermore, we
can quantify JSN by ML using the image features extracted by our work,
this can improve the overall performance of the algorithm.
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Chapter A

Appendix: Real-time TM: a
survey and
cross-implementation HW
benchmark

A.1 Real-time TM in medical image process-

ing

Radiography is an imaging technique to view the internal form of an object.
Medical radiography has been widely used as a diagnostic tool in modern
medicine. Considering that patients’ conditions are often monitored over
decades of time scales, changes in the model or the parameters of the imag-
ing equipment often lead to inconsistencies in the histogram distribution of
the radiographic images and finally reduce the accuracy of the algorithm.
On the other hand, radiography images typically have a wide DR, the DR of
an image is the difference between the darkest and lightest tones in that im-
age [1]. But Standard Dynamic Range (SDR) display devices are limited to 8
bits per color channel. This leads to the brightest and darkest regions being
over-exposed and under-exposed and shows no contrast with the associated
loss of image detail. TM has been widely introduced as an important step in
image pre-processing in order to standardize images under different imaging
equipment and to display HDR radiographic images on SDR monitors. As
a future work, we intend to integrate our work for accelerated HW imple-
mentation that can also support HDR X-ray imaging techniques (a part of
DICOM standard [2]). In this work, we explore the literature for all known
HW TMOs, which have been implemented on an FPGA / GPU / ASIC plat-
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Figure A.1: This figure illustrates HVS and camera processing of HDR scenes.
HVS through its non-linear and continuous adaptation can adjust across a
very broad luminance range. Whereas a camera requires multiple exposure
images (or HDR image sensor) to capture the wide ambient luminance levels
that exists in the scenery. The HDR images produced from these multi-
exposure images have higher bit width and a TMO is required to faithfully
display it on a common display device. Global TM functions are good for
capturing overall preview of the input image. Local TM function by consider-
ing pixel neighborhood information for each input pixel, can emphasize more
local details. Additional filters are used to improve the subjective quality of
TM images.

form. By carefully assessing the image quality of various TMOs we intend to
study the suitability of these operators for TM medical images. In literature,
various objective metrics have been used, there by making it difficult to a
direct comparison between them. We have studied and indexed all of them
in this work and demonstrate the link between HW cost and image quality.

The rising demand for high quality display has ensued active research in
HDR imaging, which has the potential to replace the SDR imaging. This is
due to HDR’s features like accurate reproducibility of a scene with its entire
spectrum of visible lighting and color depth. But this capability comes with
expensive capture, display, storage and distribution resource requirements.
Also, display of HDR images/video content on an ordinary display device
with limited DR requires some form of adaptation. Many adaptation algo-
rithms, widely known as TMOs, have been studied and proposed in the last
few decades. In this paper, we present a comprehensive survey of 60 TM al-
gorithms that have been implemented on HW for acceleration and real-time

performance. In this state-of-the-art survey, we will discuss those TM algo-
rithms which have been implemented on GPU, FPGA, and ASIC in terms of
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their HW specifications and performance. Output image quality is an impor-
tant metric for TM algorithms. From our literature survey we found that,
various objective quality metrics have been used to demonstrate the quality
of those algorithms HW implementation. We have compiled those metrics
used in this survey, and analyzed the relationship between HW cost, image
quality and computational efficiency. Currently, ML-based algorithms have
become an important tool to solve many image processing tasks, and this
paper concludes with a discussion on the future research directions to realize
ML-based TMOs on HW.

Superior display quality is a dominant feature that has been driving the
consumer electronics industry. Unlike the past, the growing demand for
definitive viewing experience is not only limited to entertainment, gaming,
and media industry but has been increasingly sought for applications in secu-
rity and surveillance, automotive, medical, Augmented Reality (AR)-Virtual
Reality (VR), drones and robotics imaging systems. HDR imaging has come
to become a compelling aspect of the new 4K /8K Ultra-high-definition for-
mat [3]. From Fig. A.1, we can notice that our eyes can see objects both in
a dark night and in a sunny day, although the luminance level of a scene in
sunlight is about 10%cd/m? and one with starlight is about 10™3cd/m? [4].
This means that our HVS is capable of adapting to wide lighting variations
within range of nearly 10 orders of magnitude. From [1], it is learnt that
HVS can easily adapt up to 5 orders of magnitude within the same scene.
This technique accounts for more realistically contrasted visuals by bringing
out colors and detail in low-light areas so that visuals in shadow are not
compressed, while not saturating the highlights. HDR imaging aims to in-
crease the DR recorded in a digital image from a given scene. DR of an
image is defined as the ratio between the darkest and the brightest points
captured from a scene [1]. It can be expressed in orders of magnitude (pow-
ers of ten), in stops (powers of two) or dB. In other words, HDR can make
the dark visuals deeper and the lights brighter, with more color shades with
optimized contrast ratio of the display. However, this increase in amount
of detail and extended color space comes at the price of higher data-width,
thereby requiring more HW /Software (SW) resources to create, distribute
and display HDR content. Additionally, most of the modern standard dis-
play systems have problems when dealing with visuals that may have details
simultaneously both in sun, and in shadows.

We have to adapt the HDR image so that we can match the DR of HDR
scene with the DR of the standard display devices. This process is widely
known as TM. Depending upon the DR of the captured image TM function
can expand or compress it in order to enhance the display quality [5]. The
purpose of applying TM on an image can be different and depends on the
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target application. In some cases it may be to augment the artistic quality of
the image [6], while for other applications it might be to emphasize as many
details as possible, or to maximize the image contrast [7]. However, the
ultimate goal of TM is to match the perception of tone mapped image with
the real world perception [1]. A TMO f can be defined as a transformation
function f(I):

fI) : Lu(x,y) = La(x,y) (A1)

Here, TM function f maps real world luminance L, (x,y) to display lumi-
nance Lg(x,y) [4], and [ is an image with dimension z x y. TM has been
an active area of research for the last two decades, resulting in the design
and development of many hundreds of different TM algorithms which can
be broadly grouped in to global, local, frequency and segmentation opera-
tors [4] [8].

Strong demand for real-time embedded vision-based applications is on the
rise in various domains like advanced automotive systems, medical imaging,
robotics and Unmanned Aerial Vehicles. The main building blocks for such
vision-based systems are the image sensors, image processing algorithms and
display monitors. For real-time applications with hard time constraint a HW
acceleration is indispensable [9]. Global TM which can be mathematically
expressed as follows:

La(x,y) = TM(Ly(z,y)) (A.2)

They are easy to implement on HW as same function maps all pixels in the
image. Whereas, local TM maps using the following equation:

H(x,y) = Lo(z,y) - KF(x,y) (A.4)

Here, H is a scaling function and K F' is the kernel filter. The implementa-
tion of local TM is complex as it demands more memory and computation
when compared to global TM. Additionally, it is prone to artifacts (halo)
and additional filters are required to suppress them (refer §A.4.4). Further-
more, the TM methods involving image pyramids or layer separation are very
memory intensive to be realized on HW. Usually, these algorithms require
multi-pass filtering which demands storing intermediate results and manag-
ing several layers. For example a naive implementation of Guided filter [10]
requires 6x box filtering, storage of several image layers, and computation
of weights (related to each layer) x detail layer. Therefore, implementing
such TM algorithms on resource constrained devices is an arduous task. TM
function have been implemented on different platforms (see Table A.2, Table
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Figure A.2: Feature comparison of GPU, FPGA, and ASIC. In this paper we
survey TMOs using GPU, FPGA, and ASIC accelerated real-time systems.

A.3, and Table A.4), and the choice is determined by the target applica-
tion and specification. Adams studied these technologies for real-time Signal
Processing (SP) application and draws a comparison between them in [11].
Graphics accelerators were initially designed for professional graphics
workstation and gaming. These devices consists of many optimized process-
ing cores that can perform high speed matrix multiplications in parallel. The
inherent parallelism in image processing algorithms make them suitable for
GPU implementation. Modern memory rich GPU micro-architectures with
faster clocks, powerful scheduler, higher memory bandwidths, and floating
point processing capabilities make them compelling for any image processing
application. Additionally, GPU programming model can support vertical
and horizontal parallelism as shown in Fig. A.2 using the multiple thread
block [12]. However, one of the significant drawback of GPU-based system is
the slow transfer of image data between host Personal Computer (PC) and
GPU, for example, 10 ms is required for a 640 x 480 image transfer [13].
Furthermore, managing various memory components like shared memory,
global, local and constant memory is a non-trivial task. The ability to build
optimized custom HW makes FPGA and ASIC better than GPU. FPGA
in spite of their low clock frequency can achieve high performance by design
optimizations. Ideally, designers strive to exploit the parallelism by utilizing
the on-chip memory banks, reduce the number of operations and memory
accesses. The most attractive feature of FPGA are their reprogrammability,
which allows the designer to optimize the module by design iteration till a
satisfactory design is achieved. However, this feature comes at the expense of
slow speed when compared to ASIC. The freedom of designing at the lowest
level of transistors make them deliver the most optimal solutions. However,
their high entry cost, long backend design cycle make them suitable only for
large volume designs. We have listed the features of these three platforms in
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Fig. A.2.

Additionally, embedded applications are energy and resource constrained
there by simply porting SW algorithms on a HW platform may result in poor
performance or even system failure. HW implementation of image processing
algorithms have to be optimized for HW porting [14], and this redesign effort,
which can exploit the HW platform for optimal performance has produced
many novel HW TM algorithms and architectures. Previously, in literature,
there are many TM survey papers like [15-21], and these surveys only covered
the SW algorithms.

In this survey, we study HW TM algorithms and to the best of our
knowledge there has been no such earlier survey. Following are our main
contributions:

1. A comprehensive introduction to HDR imaging (§ A.2), HW TMOs
and their functional architectures (§ A.3).

2. Detailed survey of TMOs that have been implemented on an ASIC,
FPGA and GPU platform (§ A.3.3).

3. Comparison of TMOs based on their HW specification and performance
(§ A.4.1). Enumerate various image quality metrics used to specify HW
TMOs (§ A.4.3). Demonstrate the relationship and trade-off between
HW cost, image quality and computational efficiency (§ A.4.4).

4. Discussion on a future perspective for implementing ML-based TMOs
on HW (§ A.5).

A.2 HDR imaging

HDR images can be captured from real world scenes, rendered on computers
by various computer graphics tools. In this chapter, we will focus mainly
on methods of obtaining HDR images by using conventional cameras and
special HDR sensors, which are useful for building real-time systems. For
the computer graphics methods, there are well known books describing those
methods [22,23]. The gaming industry has been employing HDR render-
ing for very long time, they were used for rendering special visual effects
like dazzling, slow dark-adaptation there by enhancing the immersive im-
pression [24]. Today HDR imaging is used in many applications to enhance
functionality of cinematography and photography [25], biomedical imaging
(see DICOM standard [2]) [26], remote sensing [27] and many more computer
vision applications [28].
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Figure A.3: This diagram presents an overview of HW TMOs. We can
observe that majority of the work use single image HDR. Also, from this
figure, we can observe that 32/16/8-bit widths are frequently used for internal
computations, and FPGAs are the preferred platform for TMO acceleration.

Figure A.3 shows the frequency of various bit width used in all HW TM
papers. Moreover, the plot describes how different researches implemented
different TMO for HDR images produced with distinct bit width on different
HW. The choice of bit width will directly impact on the image quality, HW
cost and power consumption [29]. Most researchers choose 16-bit or 32-bit lu-
minance images for TM, and only a few works report other bit width. Many
works proposed TMO on low-power embedded platforms, which are often
implemented using HDR images with fixed-point arithmetic. Compared to
floating-point arithmetic, fixed-point arithmetic has some advantages on em-
bedded platforms such as low-power consumption, the small circuit size and
high-speed computing [30-32]. On the other hand, floating-point arithmetic
can save a huge range of luminance with small bit width.
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Figure A.4: HDR image sensing methodologies (image courtesy [33]).

A.2.1 HDR image sensor

As shown in Fig. A.4 there are broadly three different architectures that are
used to design HDR image sensors. Noise reduction and full well capacity i.e.,
limitation of electrons a pixel can store, see Fig. A.4(a) are important param-
eters in Peak Signal to Noise Ratio (PSNR) and it determines the dynamic
range. Variable gain amplifiers and dual ISO [34,35] are one of the effective
methods in reducing noise by amplifying the signal in low-light conditions.
Multi-sampling in the readout circuit [36] is also an effective method for noise
suppression. The other Obtaining a large full well capacity by designing a
large pixel area in a single sensor leads to an increase in the dynamic range.
However, large size pixels are very expensive and are mainly used in sophis-
ticated camera sensors for cinematic cameras like ARRI®, RED® [37, 38].
Therefore, various efforts have been made to improve higher dynamic range
(DR).

Generally, the Complementary Metal-Oxide—Semiconductor (CMOS) sen-
sor use rolling shutter mechanism, and it is easy to control pixel resets
for short/long exposures by timing control between lines as shown in see
Fig. A.4(b). However, this can cause image shifts when composing images
for video. Recently, HDR technique with a constant exposure time are being
reconsidered, for example, by preparing two pixels with high/low sensitivi-
ties as shown in see Fig. A.4(c) [39-42] or by storing saturated electrons at
high illumination in overflow capacitors [43]. These technologies have been
developed in the past; however, they are currently being implemented for
automotive applications. Since, there is no need for short exposures, LED
flicker in the signal (high-speed blinking) can be removed by averaging within
its constant exposure time [44]. Logarithmic compression pixels are also be-
ing developed, but they are not robust to noise because, their analog signal
output range is not expanded [45,46]. As a result, its application is limited
to special low-power/cost post processing sensors such as edge and motion
extraction [47]. Image synthesis using multiple-sensors could be considered
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Figure A.5: Using a camera response curve the full DR of the scene is cap-
tured from a set of LDR images with different exposure times. Algorithms
like Bachoo et al’s [49] and Popadic et al’s [50] can directly generate HDR-like
images from bracketed images.

for HDR, but it is actually intended to obtain depth from parallax and angle
of view information as it has two or more optical systems [48].

A.2.2 HDR merge

HDR images can also be composed by combining multiple LDR images with
different exposure time into a single HDR. Here, the exposure time which
is also known as the shutter speed is the duration of time when the digital
sensor inside the camera is permitted to capture light. The amount of light
that reaches the film or image sensor is directly proportional to the exposure
time. Therefore, a long exposure time image will have an overall greater
luminance. It will detect smaller amount of light sources even in darker
areas. But the picture might saturate in bright parts of the scene due to a
too much of light for the sensor. On the other hand, a short exposure image
will record bright parts of the scene but would not been able to register
darker light sources. Exposure time values are often referred to as “stops”.
A stop implies doubling the exposure time (relative to a reference time).
+1 stop is doubling, +2 stops is times 4, and -1 is halving the exposure
time [51,52]. There are different techniques to compose an HDR image, one
by combining multiple images of varying exposures [53-55] and another by
using multi-sensor camera [56].
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Figure A.6: TM functions (a) Simple linear mean value mapping (b) Lin-
ear gamma function (c) Piecewise linear function (d) Sigmoid function for
histogram adjustments.

For an LDR image, its DR is bounded by the range of sensor, i.e. an
8-bit camera can only capture ratios up to 255:1. However, we can achieve a
greater DR using the same camera by combining multiple images which have
been captured with different exposure time. Each of these LDR images will
cover a different range of the luminance in the scene. This allows to have a
greater resolution on the luminance captured . Images with a short exposure
time will be adapted for capturing very bright parts of the scene but will fail
to capture darker parts. Long exposure time images being the opposite, they
will saturate in bright parts of the image. All intermediate images captured
with various exposure time will help cover the whole range of luminance.
This strategy is demonstrated in Fig. A.5. The final composite image will
have a greater DR than it is achievable with a single shot by the camera.

A.3 TM algorithms and their HW implemen-
tations

In the previous section we discussed how to obtain/produce HDR content,
and in Fig. A.1 we presented the overall TM pipeline. Generally, the HDR
content requires to be stored in a medium with a greater amount of bits/pixel
than that of a single LDR image. Although, HDR display systems do exist
[118], and T'Vs with an extended DR are currently available in the commercial
market, but they are not as widespread due to their limitations in terms of its
cost, DR and color gamut. The process of TM consists of reducing the DR, of
the HDR image into an image that can be easily displayed on wide range of
display devices which have limited DR and color gamut. Usually the TM is
performed on the luminance image because of the lower computational and
memory requirements, when compared to TM on the R, G, B channels.
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A.3.1 TM algorithms

The development of HDR TMOs has been an active field of research in HDR
retargeting for the last three decades. Over the years many solutions have
been proposed as is evident from the many publications [1,7,25,119,120]. The
main issue with TM is the very nature of HVS which is highly adaptive and
complex. Simple TMOs are based on operations such as, scaling, clipping or
a gamma correction, and Fig. A.6 presents a brief review of these methods.
As stated earlier, global methods, use same function over the whole image.
It is very likely that such methods may fail to reproduce best visual quality
if there are quick luminance changes in the image. Hence, sophisticated
local methods are required to generate images with more details. These
methods use the surrounding pixels to determine the appropriate intensity.
When applying global only TM, may result in suppressing details in dark and
bright areas and a local operator is required to restore those details. Please
note the notations we will use to describe various TMOs are given in table
ALl

The simple linear mapping shown in Fig. A.6(a) is easy to implement as
it maps the mean value of the image to a key value in the interval [0, 1]. An-
other linear mapping technique illustrated in Fig. A.6(b) utilizes the gamma
function used for displays. It applies a linear mapping between 0 and the
maximum luminance and raise the result to an exponent determined from
the image key value as shown in Eq. A.5. These functions can be easily
approximated using piece wise linear segments as shown in Fig. A.6(c).

logT

Lg= Ly o™ L (A.5)

Response of HVS is perceived to be logarithmic, therefore designing log-
arithmic TM curves are highly desirable. One such function is

~log(TLy +1)
4= log(T Lipae + 1)

(A.6)

which can expand low intensity signals while compressing high intensity ones.
Many researchers have advanced and developed this method like Drago et al.
[90], and furthermore, few HW implementations have also been realized as
listed in table A.1.

Figure A.7 shows a general pipeline which is useful for implementing a
global TM function. As a first step the TM pipeline obtains the luminance
image and from that it calculates global statistics (like Lyuaa, Linin, Lavg)-
In some algorithms these statistics are also calculated from previous frame
based on a assumption that there is very little change between successive
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Figure A.7: General block diagram for HW global and local TM systems.
For local calculations in local TM kernel processing a full frame buffer/line
buffer or compressed frame buffer is required.

frames when imaging at 30/60 frames per second [86,87,91]. In the pipeline
next step is to realize a logarithmic or exponential like function to compute
the tone mapped image. The HW implementation of these functions are
a challenge and a common approach is to approximate such functions, by
maintaining an acceptable level of error in the realized implementation. As
these functions are regularly used in many HW TMOs, a detailed discussion
is presented in § A.3.4. The final step in the pipeline after TM is to restore
the color for displaying the output image.

Previously discussed global TM functions use a single curve to compress
the HDR image, and this may be acceptable for images with medium DR.
For scenes with rapidly changing brightness such a simple compression curve
is inadequate. Local TM functions improve the quality of output images by
preserving local contrast along with global contrast. Local TM algorithms are
computationally more expensive and time consuming compared to global TM
algorithms [69]. We illustrate its operation using the block diagram shown in
Fig. A.7. As was in the case of global TM, we initially obtain the luminance
values for the input image. The high computation cost for local TMO is due
to the local information calculation for which a full frame or a few lines of the
input image has to be buffered as shown in the Fig. A.7. Some algorithms
have also implemented compressed frame buffer (down-sampled images) to
reduce the memory cost [104,110]. To meet the real-time constraints, as a
common approach previous frame is used to compute the local information
for current frame. The color correction step is described in detail in § A.3.2.

One of the major drawbacks of local TM algorithms are the creation of
halo artifact among the high contrast edges and the graying out of the low-
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contrast areas [121,122]. Durand and Dorsey in the year 2002 demonstrated
an interesting application of the bilateral edge-preserving filter as a TMO to
compress the DR in HDR scenes [107]. They were inspired from an earlier
work of Tumblin and Turk who proposed a low-curvature image simplifier
based on anisotropic diffusion to decompose an image into base (low fre-
quency) and detail (high frequency) layer [123]. Following this strategy many
edge-preserving filter based TMOs have been proposed like, trilateral [124],
weighted least square [125], local laplacian [126], etc. These edge-preserving
filter based TMOs are effective in suppressing halo artifacts, however, ob-
taining a satisfactory result is a non-trivial task as one has to determine the
gain for each layer and weights of the filter. Furthermore, additional filters
to suppress halo and noise artifacts have been proposed. But, such filtering
will require that the input image (of size M x N) be convolved with a filter
(of size k x r). Benedetti et al. demonstrated a simple HW sliding window
convolution block, which can output one pixel every clock [127]. The latency
associated with this sliding window method is calculated as:

(A7)

T = Buf ferDepth x {Kern;lSizeJ L "Kernngize-‘ '

A.3.2 Color conversion

TM algorithms are methods for mapping a real-world luminance range to the
luminance range of the display devices, and this transformation can cause
changes in color appearance of the tone mapped images. In literature, there
are some well developed methods which propose color models for such TM
methods which have been validated by psychophysical experiments [128-130)].
Kim et al. proposed a color correction formula after conducting experiments
that cover most of the DR covered by human visual system [130]. Meylan
et al. proposed a retinal local adaption TM algorithm which is applied on the
color filter array (CFA) images [131]. They obtain the luminance information
with full resolution from the Fourier spectrum of the Bayer image [132].
However, this can introduce spatial artifacts in demosaiced images, therefore,
some additional preprocessing techniques are required for generating good
output images [132].

Luminance channel is preferably used for HW TM adjustment (lower
computational and memory cost), and as shown in Fig. A.7 is the first oper-
ation in the TM pipeline. Color conversion is not unique, and there are many
well defined methods to obtain the luminance values from the color image.
An easy method to obtain luminance is to compute it as a linear combina-
tion of the red, green, and blue component according to the RGB-to-XYZ
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conversion scheme. Here,
Y =0.2126 R + 0.7152G 4 0.0722B (A.8)

Y is the luminance for a given RGB image. Another effortless procedure
is to use CIELab or YUV color spaces, and one could directly obtain lumi-
nance channel as the grayscale version of the color image as they consider
the luminance and color channel to be independent. In TM pipeline, for a
given HDR image luminance value is calculated and the chrominance values
are buffered/stored as they are required later for restoring the color post
TM. Different studies have used different luminance methods, and we have
listed them in table A.2, table A.3, and table A.4. Some studies have used
monochrome images [61, 68, 70,86, 102], this approach can have certain ad-
vantages in terms of reduced memory, and fewer calculations.

After TM, a common approach to restore the color is based on Schlick’s
color ratios [133]:
C;
Lin

In Eq. A.9, C;, represent the original RGB image, L;, is the luminance
value obtained from the color image (like Y as shown above). If L, is the
tone mapped luminance value then, we can compute three output chromi-
nance values as in Eq. A.9, where 7 is a color saturation factor for displaying
color images, and its value is usually set between 0.4 and 0.6 [113].

Cout - ( )’yLout (Ag)

A.3.3 HW TM algorithms

As described in the introduction, it is a challenging task to accelerate complex
TM algorithms. A direct HW porting is very likely to result in an inefficient
implementation. Usually, HW porting requires significant re-design effort to
realize an efficient HW-based acceleration for the following reasons. Ideally,
the main objective of any design HW specification is to keep cost, speed
and power to the minimum. Additionally, the design methodology adopted
for any HW development also depends on the application and time to mar-
ket. In § A.1 we introduced the HW platforms like ASIC, FPGA and GPUs
for TM implementations. Each has its own advantages and disadvantages,
which we presented briefly in Fig. A.2, from which we could notice that the
choice of platform depends on various factors like: flexibility, design time
and cost. A full custom ASIC design development will be very expensive due
to increased manufacturing and design time, and increased non-recurring en-
gineering costs. Even though the ASIC design solution can be very efficient
in terms of area and performance, it is only viable for proven designs that
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can be mass produced. GPUs and FPGA platforms have been preferred for
many image processing applications and we will discuss more about them in
this section. Recently, FPGA vendors are also supporting openCL develop-
ment processes, and openCL-based implementations are suitable for general-
purpose computing on GPU, and it has flavor similar to the proprietary
CUDA language from NVIDIA.

Table A.2, table A.3, and table A.2 list all the surveyed TMO HW imple-
mentations, and their underlying SW algorithms which were introduced in
table A.1. In this section we will discuss HW TM algorithms in detail. At the
outset, one of the important feature of these algorithms is that they can be
realized on HW using non-complex circuitry with straightforward pipelines
like the one shown in Fig. A.9. Over two decades of research has resulted in
many HW accelerated TM algorithms, which we have grouped according to
the implementation HW. Tables A.5, A.6, and A.7 provides more detailed
performance metrics of the algorithms introduced in table A.2, table A.3,
and table A.4. We have analyzed the underlying trends in these researches
and have comprehensively illustrated them in Fig. A.8.

Initially, FPGAs were adopted as HW platform for accelerating TM al-
gorithms as we can see from Fig. A.8(a) and table A.5 which lists all the
FPGA implementations. They have been handy in realizing histogram-based
algorithms which could TM images with 4K resolutions. Popularity of the
reprogrammable FPGAs for realizing TM algorithm has been growing and
researchers have implemented different types of TM functions best suited
for their target applications. Low-cost, low power and reprogrammability
has been the USP of FPGA devices, and table A.6 summarizes the perfor-
mance metrics of all the FPGA TMO implementations for comparison. The
continuous adoption of newer technology by FPGA vendors has resulted in
their low power consumption, and recent TM HW implementations have
utilized 28 nm node size FPGAs as shown in Fig. A.8(b). Recently, along
with FPGAs, ASIC, Application-Specific Instruction set Processor (ASIP),
System on Chip (SoC), and Vision System on Chip (VSoC) have been used
by researchers to develop full imaging pipeline that included the camera and
display drivers as shown in table A.7 and Fig. A.8(f).
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Table A.5: GPU implementations
FPGA Performance
Model Technology Frame Size Speed Throughput
(nm) (pixel) (FPS) (Mpix/s)
58 Radeon 9800 Pro 150 512x512 30 7.9
59 GeForce 6800GT 130 1024 x 768 10 7.9
94 GeForce Go 6800 130 2048x2048 7 29.4
60 GeForce 8800 GTS 90 - - -
49 Nvidia Quadro NVS 140M 80 1600 x 1200 20 38.4
13 GeForce 7900 GTX 90 640x480 30 9.2
97 GeForce 8800 GTX 90 1002 %666 37 24.7
85 GeForce GT 550M x2 40 1024 x768 2.8 2.2
98 NVIDIA ION2 40 640x480 27 8.3
6 GeForce GTX 980 28 1980 %1080 46.5 99.4
(99 GeForce Titan Black 28 2048 %1536 24 75.5
[100 GeForce GT 750M 28 1280%960 3.6 4.5
71 GeForce GTX 650 Ti 28 4096 x4096 7.5 125.8
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Figure A.9: General HW TM pipeline using luminance channel: (a) for Rein-
hard like algorithm [57] (b) Multiscale decomposition like Durand’s algo-
rithm [24] (c) Fattal’s gradient domain compression [113] (d) Global and (e)
Local histogram equalization.

Photographic tone reproduction for digital images

Reinhard et al.’s global operator performs a global scaling of the DR with a
local processing is achieved by performing a dodging and burning like pro-
cesses, which is a method previously used by photographers before the digital
era [57]. The photographers used the dodge and burn technique to increase
or decrease the light of certain parts of the scene. This method can compress
the DR effectively, but the circular surround limits its widespread applica-
tion due to generation of artifacts like halos in the tone mapped images. The
effectiveness of HW Reinhard’s TM method is reflected in number of adop-
tions it had on ASIC (both analog & digital implementation), FPGA and
FPGA platforms as seen in the table A.1 and in the line chart Fig. A.8. An
attractive feature of this algorithm is the its realization using simple pipeline
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with low complexity, and it is shown in Fig. A.9.

Goodnight et al. proposed using an implementation of Reinhard’s TMO
using a FPGA, and also discussed an application of TM for rendering [58].
They cleanly map the TM algorithm to the pixel processor, which allows an
interactive application to achieve higher levels of realism. Additionally, they
describe how the graphics HW limits the effective compression of DR and
discuss modifications to the algorithm that could alleviate these problems.
Krawczyk et al.’s work realized the local TM by constructing a Gaussian
pyramid and their FPGA implementation as a stand-alone HDR processing
module and achieve the real-time performance [59].

Hassan and Carletta in 2007 implemented a TMO on FPGA by com-
bining Reinhard’s and Fattal’s [113] (refer sec. A.3.3) local operators using
approximation of the Gaussian pyramids [61]. Kiser et al. mainly proposes
two improvements of real-time video TM system [63]. A pre-clamping oper-
ator which the light compensation algorithm based on reference white and
reference black is used to adjust the brightness of underexposure and overex-
posed area. They present that the pre-clamped image effectively uses more of
the available output DR than no-pre-clamped image. Another improvement
in this work is that the TM parameter curve over time is smoothed for video
flicker removal. Kiser et al. implemented the real-time 1080p tone mapped
video system on Xilinx Spartan-6 LX150T with 12288 clock latency.

Chiu et al. [116] developed a TM processor based on an ARM core with
an ASIC. Their processor includes a modified global photographic TM and a
block-based gradient domain compression, based on algorithms proposed by
Reinhard et al. [57] and Fattal et al. [113](refer Section A.3.3), respectively.
The processor can run at a 100 MHz clock rate and can compress 1024 x
768 HDR images at 60 Frames Per Second (FPS). However, this approach
does not offer the flexibility like others [166] [167] [62] since some critical
modules are implemented on an ASIC core that occupies 8.1mm? of physical
area in 0.13um TSMC technology. A proof-of-concept HDR CMOS image
sensor with Reinhard’s global TMO was developed by Vargas-Sierra et al. [70]
and prototyped the complete VSoC with a core area of 7.33mm x 6.78mm
was fabricated on 0.35um opto-flavored technology. This system achieved
video rates for QCIF resolution images with 25-bit and TM them to 7-bit for
display. But, an off-chip processing is required to compute image histogram
before the final display [168]. Using a new programmable pixel based on
variable integration time Gouevia et al. [65] simulate the monotonic non-
linear response of three TM functions [1,57,90](refer Section A.3.3) for test
images given in [18,169].
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Fast bilateral filtering for the display of HDR images

Durand and Dorsey in 2002 proposed a frequency domain based technique
to TM HDR images [107]. This approach is similar to an earlier frequency
domain filtering [170] in which low frequencies are attenuated more than
higher frequencies. Inspired by Tumblin and Turk work on low-curvature
image simplifier [123] preserve local contrast in tone mapped HDR images
by decomposing it into two layers (base and detail). Durand and Dorsey
generate a filtered output image by combining a compressed base layer with
its detail layer. The high computational complexity of this filter O(nk?),
where n is the number of pixels in the image and k is the filter radius, makes
it an expensive choice for real-time applications. But then this algorithm
has also been implemented on HW. Marsi et al. [110], used a low-pass filter
to split the input image in to a low frequency base layer and high frequency
detail layer. They targeted an automotive driving assistance application
using a Xilinx Virtex-II FPGA, and this system included temporal smoothing
to prevent flickering and color shifting. They used a i down-sampled previous
frame, for temporal smoothing in order to reduce memory usage and the
image was stored on FPGA. Their operator achieves 24 FPS for 125 x 86
resolution. Nosko et al. [108,109] described a fast implementation of HDR
merge processing by multiple exposure and a local TMO involving bilateral
filtering [107]. This work also proposes an application of de-ghosting method,
which is dedicated for FPGA implementation. Compared with the use of
Gaussian filter to detect local luminance, bilateral filter can preserve sharp
edges, but also require more HW cost.

Gradient domain HDR compression

Fattal et al. proposed a novel frequency-based method to achieve tone com-
pression by manipulating gradients of the image [113]. According to Fattal
et al., in the HDR images changes in luminance are proportional to the
changes in the gradients. Hence, tone compression can be achieved by atten-
uating the magnitudes of the large gradients while maintaining their direc-
tions, and keeping the small gradients which corresponds to the fine details.
However, for producing the output LDR image requires the computationally
expensive Poisson-solver, which makes it unappealing for real-time applica-
tions. However, Vytla et al. [114] developed a HW implementation of gradient
domain HDR TM using the Poisson equation solver inspired by Fattal’s op-
erator. As expected, this implementation is computationally very expensive,
as it seeks to solve Poisson equation. The authors of [171] developed a local
Fattal’s operator to solve the Poisson equation locally and repeatedly, thus
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making it parallel and hence executable in real-time. The modified Poisson
solver uses only local information from pixel and its 3 x 3 window neighbors,
for computing a tone mapped pixel independent of Fattal’s operator on other
pixel locations within the window. An Altera Stratix II FPGA was used to
implement this algorithm, and it outputs grayscale tone mapped images.

A TM algorithm for high contrast images

This local TM method is similar to the Reinhard’s photographic TMO [57].
The underlying mechanism of this TMO is like the initial stages of our human
visual system. Where two different range compression functions are used.
For preserving the local contrast the intensity range is compressed, which
in principle leads to averaging over the large neighborhood without keeping
the fine details. The overall visual contrast is generated by adding the fine
details at the later stage [93]. Roch et al. [94] proposed a local TM algorithm
implementation [93] on graphics cards. They also present a modification of
the luminance local adaptation computation, that maintains the same quality
appearance of the original TMO.

Tone-mapping HDR images by novel histogram adjustment

Duan et al. proposed an iterative approach to adjust the histogram of pho-
toquantity in logarithm scale [84]. Their method takes the weighted sum
of the contrast modification between the direct linear scaling and the naive
equalization. However, instead of performing the weighted sum of the two
directly, their method performs recursive binary cuts to find the pivot point
that defines the sub-interval for the next iteration. The cut is found based
on the weighted sum of the supposed equalized point and the linearly scaled
point. Further, their approach can be applied to local patches of the image
independently. They demonstrated that locally adjusted contrast is able to
preserve the details better than a global image contrast adjustment. How-
ever, this creates edges between locally tone mapped patches. Their solution
is to apply further smoothing across the patches to eliminate the edges, this
algorithm was adopted on HW in the following works.

Tian et al. [85] proposed a real-time HW local implementation based on
global TM [84]. They proposed an algorithm of segmenting the image into
64 x 64 independent rectangular blocks to sense local luminance. A bound-
ary and halo artifact elimination algorithm and a noise suppression algorithm
are included in this work to improve the image quality of tone mapped im-
age. Lapray et al. [64,86-88] in a series of publications presented several
full imaging systems using a Virtex-5 and Virtex-6 FPGA-based processing
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cores. Their HDR imaging pipeline uses a HDR monochrome image sensor
to provide a 10-bit data output and making use of Debevec and Malik’s [55]
fusion method to produces HDR video from multiple images. Using a special
memory management unit [64], they can generate HDR images at the same
frame rate as their camera output, which requires current frame and two
previously captured frames. For HDR TM they used global TM algorithms
of Duan et al. [84] and Reinhard et al. [57].

Adaptive logarithmic mapping for displaying high contrast scenes

Drago et al. proposed a fast global TMO which is based on luminance loga-
rithmic compression [90]. This method operates based on scene content, and
uses a predetermined logarithmic basis to preserve contrast and details. For
example, if an image is mapped to low base logarithm it will appear more
brighter than one which is mapped to higher base logarithm. In other words,
an image mapped to higher base logarithm would appear darker therefore,
revealing details from brighter areas. The complexity of this algorithm is ev-
ident from the TM function (ref table A.1), whose implementation requires
additions, subtractions, multiplications, and precise calculation of exponen-
tial. Popovic et al. [91] used global TM similar to Drago’s operator and used a
logarithmic mapping function, to calculate displayed luminance from the ra-
tio of world luminance and its maximum. Logarithm calculations are known
to be computationally expensive, so Popovic et al., used Taylor and Cheby-
shev polynomials to approximate logarithms (refer sec. A.3.4 and [172)).
Further, they designed a camera ring consisting of 18 independent cameras
with different exposures to create panoramic HDR video [92].

Finally, Zhao et al. [60] presented FPGA implementations of two state-
of-the-art TMOs with real-time performance. Additionally, the reported six
other FPGA-based TMOs [57,90,93,107,138-140], and conducted an exper-
imental evaluation to explore which TMO is faster for HW implementation.

Novel TM algorithms

From Fig. A.8(d) we know that recently, many researchers prefer to design
and implement their own novel TM algorithms which best suits their design
objectives or target applications. In table A.1 we have grouped these algo-
rithms based on the functions, and we will describe these implementation
next. In order to realize these TMO functions different mapping methods
like basic exponential, logarithmic, histogram-based or sigmoid functions are
employed. § A.3.4 briefly describes various methods and cites references
which can be followed to realize them on HW.
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Exponential mapping applies an exponential function to the HDR pixel,
to remap its value to interval [0, 1]. A simple operator can be expressed as

Lw xT
La(z,y) = 1 — exp(——222) (A.10)

mean

Digit-by-digit algorithm can be used to easily implement the exponential
function on HW [173]. Logarithmic compression can be used to remap
medium DR pixels to 8-bit display devices [1]. A simple log operator can
be defined as

~ logio(1+ Lw(z,y))
~ logio(1 + Ly (max))

La(z,y) (A.11)

. Simple lookup methods can approximate log functions with good accuracy
[174].

Histogram Equalization (HE) based TMOs map HDR pixels to LDR dis-
play devices while preserving the most important details in the HDR images.
This non-linear method modifies the HDR pixel distribution by redistribut-
ing it to produce a uniform distribution over a new range of the LDR display
range. The global HE operates by redistributing the HDR pixels into LDR
of N levels such that all LDR levels have equal quantity of pixels. This oper-
ation using a single transformation function cannot enhance features of the
local region. There are some recent global HE methods which offer more so-
phisticated histogram manipulations like recursively separated and weighted
HE [175], but they do exhibit the limitations of single transformation func-
tion. Therefore, time consuming local histogram equalization based methods,
which make use of well-defined transformation function for each local region
is required to enhance darker regions in an image [176]. Using block dia-
grams presented in Fig. A.9(d) and (e) we illustrate the pipelines required to
implement global and local HE-based TM.

A.3.4 HW architectures for transcendental functions

Transcendental functions like the exponential function, the logarithm, and
the trigonometric functions are frequently finding applications in digital sig-
nal processing, communication systems, robotics, computer graphics etc. In
this section we report the HW implementations which are used in realiz-
ing TM functions, these are carefully designed to be accurate and also be
sufficiently fast in order to operate in real-time. Performance of these HW
architectures are also important and are characterized by its error character-
istics which can be measured using one of the following metrics: (i) maximum
absolute error, (ii) mean error, (iii) median, (iv) SD, (v) root mean square
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error and (vi) error probability distribution. In later sections A.4.2 and A.4.3
we discuss how HW implementations affect the tone mapped images.

For realizing these HW transcendental functions there are many well
known approaches some of them are:

Lookup table

Lookup Table (LUT)-based function implementation is a simple approach in
which pre-computed values for every argument x of the function y = f(z)
is stored in a memory array. LUT-based methods were popular initially,
because in the multiplier-less FPGAs functions can be realized quickly using
simple lookup and addition operations. However, the size of the table is
directly dependent on the data-width (z,y) and can become prohibitively
large when seeking better precision [177]. For example, if x,y are numbers
of data-width W-bit, a memory of size 2" x W is required.

Taylor series expansion

The Taylor-series approximation is used to approximate f(z) as an infinite
sum of terms that are expressed in terms of the function’s derivatives at
a single point. Using Taylor-series, we can approximate complex functions
from a series of low level functions which can be mapped on HW. Generally,
we can represent a real function P(z) at any arbitrary point z = a, using
Taylor-series as given in Eq. A.12

P = 3 L0 gy (A12)
i=1

Nilsson et al., in [178] demonstrate how Taylor series expansion of most

transcendental functions such as exponential, logarithmic and trigonometric

functions can be easily implemented on HW. For example, the exponential

function e can be expressed using Taylor-series as in Eq. A.13 which can be

casily realized using 7 multipliers and 6 adders [178].

et =e [Z (;U;L'a)”] (A.13)

n=0

Digit-by-digit algorithm

Convergence of the Taylor-series given in Eq. A.13 becomes computationally
expensive for x approaching 1 [177] and LUT-based method are bound by
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Figure A.10: Block diagram for realizing digit-by-digit algorithm for expo-
nential function [173]. Logarithm and other transcendental functions can be
calculated similarly.

memory constraints if targeting small low-power embedded platforms. There
exists more HW friendly methods, for example given an exponential function:

y=m x 2% (A.14)

Equation A.14 can be rewritten in terms of the integer (/) and fraction
(F)parts of the exponent n x z as,

y =m x 20+ (A.15)

The integer part of Eq. A.15 can be easily realized using shift registers only.
The fractional part (2F) can be expressed as ef*!"2. Equation A.14 can be

rewritten as:
y =m x 2§ x X2 (A.16)

We can draw inspiration from the Kantabutra’s digit-by-digit method
[173] to realize the HW implementation of the fractional part in Eq. A.16,
and a plausible architecture is shown in Fig. A.10. By taking x xlogse = [+ F
we can extract the integer and fraction part of the exponential function in
Eq. A.14. We can easily implement [ogse as the sum of powers of two
there by requiring shift and add logic only [179]. For the implementation
of the exponential operator we can follow the footsteps of earlier works (p.
226 [177]) [173] [116], where they assume that the argument x is limited
to the range [0,In2). The function y; = e is approximated by using the
following recurring equations:

i X bl a=1
Yi+1 = {y ) (A-17)
Yi otherwise
i — In(b; =1
Ti+1 = o n( ) “ . (A18>
T; otherwise

where, the data pair z;, y; are set to initial values x and 1, satisfy Eq. A.19.

y; = e "’ (A.19)
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Here, the value of x; is updated as shown below [173]:
Li+1 = Tj — ln(bl) (A.QO)

where, b; = 1+a;27" and a; € 0,1. The value of a is set to 1 if z; > In(1+27")
and 0 otherwise. Depending on the data-width Wy, of the fraction part of
the TM function we can pre-calculate and store Wy,q. values of In(1 + 277)
with 0 <4 < Wy in a memory table. The block diagram of this iterative
computation technique is shown in Fig .A.10. This approach can be used to
compute logarithm and other transcendental functions.

A.4 Normalized HW cost, relative compari-
son, and discussion

Benchmarking different HW TMO implementations for performance is a com-
plex task, and a poor benchmarking method may result in incorrect out-
comes. In this paper, we have followed an earlier work of Park et al. [80], in
developing our cross implementation benchmarking methodology to compare
HW TMOs which have been realized on different FPGAs.

A.4.1 Hardware

As stated earlier, one of the main objective of our survey is to determine
the quality of various HW TMOs. In Fig. A.11 we present ASIC and FPGA
implementations grouped on a map. In this map a blue dot represents an
FPGA implementation, and green one is ASIC. The positions on this map
highlights these implementations according to their frequency and through-
put. We computed throughput as given in Eq. A.21

Thoughput = Height pmage X Widthrmage X FPS (A.21)

Frequency and throughput are very important parameters, as it allows us
to predict the algorithm’s effectiveness for processing HDR images of wide-
ranging resolutions. In other words, more throughput per cycle implies that
the algorithm is faster, and is well optimized. The orange circle in Fig. A.11
represents the year of publication. A paper which has full circle (in orange
color) means chronologically newer paper, and arguably this paper would
have improved design architecture than those in previous papers, thereby,
realizing some design optimization. The black circle gives information of
TM. The width of black circle corresponds to the size of kernel that is used
to calculate the local luminance. Works based on global TMO are without
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Figure A.11: TMOs performance measurement: Throughput versus operat-
ing frequency is an important measure for real-time performance.

black circle because they do not use any local statistics. With respect to
local operators, some of those works have calculated local luminance by using
Gauss Pyramid, and such implementations are represented as double black
circles and their performances are also included in Fig. A.11. Figure A.12
illustrates the HW cost of FPGA TM implementations. Like in Fig. A.11 the
location of each point is grouped with respect to the system throughput and
frequency, so that same position corresponds to same paper in both figures
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Figure A.12: Throughput versus relative HW cost: TMO computational
complexity is evaluated in terms of memory, DSP, logic elements and regis-
ters. Global TMOs are usually light-weight in comparison to local TMOs.

of merit. The color of center circle of each point informs about the FPGA
manufacturer (ALTERA /XILINX) that were used in research. And the size
corresponds to the FPGA’s manufactured technology. Smaller size represent
that they use newer 22nm technology.

The comparison of different HW algorithm implementations are hard for
the following two reasons. First, use of different target platforms makes
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a fair comparison difficult. Second, in manuscripts authors do not specify
their HW implementations thoroughly enough to ensure easy comparison
with all other works. In this survey, to compare TMOs implemented using
different FPGA families, we follow the HW normalization strategy proposed
by Park et al. [80]. For algorithms implemented on Xilinx Virtex-4, each
LUT and register consumed can be substituted with 16-bit memory. For
systems that are implemented on a Virtex-7/Zynq7000, and those seven series
FPGA’s LUT and registers are equalized with 32-bit memory. For Altera
Cyclone III based systems, according to an article analyzing the difference
between the two FPGA fabrics [180], one unit of the logic element used in
Cyclone III is 1.3 times larger than one unit of LUT used in Virtex-4, so
the resource utilization is converted into the estimated amount of LUTs of
Virtex-4. This method of normalizing HW resources between different FPGA
fabric usages for comparison has also been adopted by Choi et al. [181]. The
size of the circle sector area is proportional to the HW cost. Different colors
represent different type HW. By studying Fig. A.11 we can see that recent
works [76,104, 109] have high throughput.With streaming applications like
TM which continuously process data, throughput is the most interesting
design aspect as it will define the performance of the TM application. More
throughput means that more data can be processed in the same instant of
time. To improve the performance of slower algorithms, one of the most
effective ways is by adding extra pipeline stages. FPGA designs have a
synchronous nature consisting of delay elements and logic, which means that
it highly benefits from extra pipeline stages.

Another interesting design aspect is the memory cost, Fig. A.13 shows the
relationship between TMO HW implementation memory and output frame
size. Frame size is computed as shown in Eq. A.22. From the Fig. A.13 we
can observe that, as expected global TMOs require less memory than local
TMOs. In the Fig. A.13, we have grouped the algorithms based on the per-
formance as which of these implementations are better designed to reduce
memory cost. Recent local and global TMO works [79, 80, 109] report low
memory usage by highly optimizing their designs. For example, Park et al.,
designed a frame-less TMO system, and only used a small line buffer [80].
They further optimized their design by building an approximate convolution
block of a 29 x 29 Gaussian filter. A conventional 2-D filtering scheme would
have required 29 x 29 convolutional operations between a pixel and its co-
efficient. They implemented it by using two 1-D separable filters operating
vertically and horizontally, thereby reducing the number of operations to
29 x 1 plus few additional adders.

FrameSize = Height rmage X Widthimage X BitWidth (A.22)



A.4. NORMALIZED HW COST 107

Figure A.13: Plot illustrates memory cost of TM algorithms versus output
images. Typically global TMOs have lower memory requirements than local
TMOs. (The bit width of reference lines in this figure is set to 16-bit.)
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A.4.2 Data conversion for optimal HW specification

Conventional image processing algorithm’s HW implementation design flow
begins with a SW model designed in C/C++/MATLAB/Python and sim-
ulated using DSP SW tools like MATLAB/Simulink (Mathworks Inc) or
others like Scilab etc. These SW implementations using floating-point arith-
metic achieve high degree of accuracy in capturing the mathematical model
of the algorithm at behavioral level, often without considering the under-
lying HW implementation details. HW circuits are designed meticulously
because, cost of modern electronic devices is usually measured in terms of
silicon area (chip footprint), power consumption and algorithm/application
execution time. Engineer’s strive hard to keep these three factors to a min-
imum while attaining all the system objectives. Balancing these goals are
extremely challenging in nature, and usually a delicate trade-off between
system performance and cost has to be planned in advance. Therefore, di-
rect porting of a SW TM algorithm to any HW platform will be inefficient
and even may lead to system failures.

The choice of arithmetic operators used to implement the algorithms,
have a decisive impact on the cost-performance trade-off. On a HW plat-
form fixed-point arithmetic operators are ideal choice as they require low area
(footprint), low power, and have low latency [184]. But, the floating-point to
fixed-point conversion process is an optimization problem which derives the
data word-length [185]. This adaptation is time consuming, and has to be
carefully crafted as this leads to a trade-off between cost and performance. It
is worth noting that there are automatic floating-point to fixed-point conver-
sion tools which can significantly speed-up this process [186]. Recently, some
High Level Synthesis tools (HLS) like Intel HLS, Cadence Stratus etc. have
emerged, which can directly generate register transfer level (RTL) implemen-
tations from a C/C++ fixed-point specification of the algorithms [187-190)].
Use of these tools can speed-up the re-design effort, but the designs may not
be fully optimized.

A.4.3 Image quality metrics used to measure HW TMO
accuracy

Image Quality Assessment (IQA) plays vital role at many levels of the de-
sign cycle, and an early assessment is inevitable to prove the usefulness of
the algorithm. Subjective user study is the most reliable means to measure
image quality. However, it is not always feasible for practical reasons. Dur-
ing the HW development stages, objective image quality metrics are used
to evaluate the system performance and analyze if there is more room for
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HW optimization while maintaining acceptable image quality. IQA studies
have been actively carried out and there are several quality metrics in litera-
ture [191-193]. These IQA methods try to accurately predict the subjective
preferences of a common human user by surveying the perceived quality of vi-
sual data presented to the user. For algorithms implemented on HW, IQA is
measured in terms of image distortion which is caused by the approximations
due to floating-point to fixed-point translation. PSNR is a preferred metric
to measure the pixel value distortion between SW and HW tone mapped
images. Various other PSNR-like metrics also have been used and they are
all listed in table A.S.

PSNR value approaches infinity as the Root-mean-square Error (RMSE)
approaches zero, this shows that a higher PSNR value provides a higher im-
age quality. Nonetheless, PSNR perform badly in discriminating structural
content in images since various types of degradation applied to the same
image can yield similar RMSE value [194,195]. Therefore, some more elab-
orate methods attempt to incorporate structural information in IQA. Wang
et al. [182] proposed Structural Similarity Index Measure (SSIM) based on
human visual perception for measuring the similarity between two images,
and Yeganeh et al. [183] proposed an objective quality assessment algorithm
for TM and named as Tone Mapped Image Quality Index (TMQI) which is
based on SSIM and naturalness. In TM HW implementation, SSIM is used
for pixel-to-pixel measurement. They estimate the similarity between tone
mapped images by SW operator and HW implementation. In HW imple-
mentation, losses can occur due to approximate calculations, and PSNR or
SSIM metrics are used to measure these losses. A higher PSNR or a higher
SSIM is desirable which implies smaller loss in HW implementation.

A.4.4 HW specification versus image quality

Every image processing application seeks to achieve good output image qual-
ity, and TMOs are no different. Local TMOs are known to produce better
images than global TMOs as they can reproduce both global and local con-
trast [4]. However, local TMOs are computationally more expensive than
global TMOs and also may generate artifacts like halos around edges and
amplify noise [107]. Therefore, additional functions are required along with
local TMOs to reduce such artifacts.

Noise suppression and Halo management in tone mapped images

As stated earlier, local contrast enhancement algorithms risk boosting noise.
Many algorithm designers proposed various techniques to suppress noise.
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Figure A.14: Plot illustrating relationship between image quality and HW
cost. Computational efficiency can be improved by implementing HW
friendly techniques.

Eilertsen et al. presented a novel noise control with display adaptivity to
produce high contrast and detailed video given the display limitations [6].
Li et al. presented a new logarithmic CMOS sensor and a histogram-based
tonemap operator which is derived from cumulative distribution function
with an objective to suppress noise in the tone mapped image [102]. Am-
balathankandy et al. in [78] implemented a halo reducing filter based on a
Gaussian-like filter [151]. In their TMO, halos were created around small
bright features due to strong attenuation of neighboring pixels due to convo-
lution operation with low-pass filtering. The HW scheme for reducing such
halos resulted in a very expensive implementation.

Nosko et al. [109] proposed a ghost removal algorithm which significantly
improves perceived quality of HDR image. This method is based on an
earlier work of Grosch [154], and requires only simple arithmetic operations
and thus it is suitable for implementation on FPGA. The ghost detection
step is implemented before the HDR merging step. By constructing the
ghost-map, marked pixel positions are treated differently from unmarked ones
during the HDR merging. Recently, Ambalathankandy et al. [104] designed
and implemented an Local Histogram Equalization (LHE)-based TM that
requires only one box filtering with a wide kernel. Their TM algorithm
uses two curves, one corresponding to the edge region and the other for
gradation. As noises in gradation part are much more noticeable than in the
edge and texture part, they use an alpha blending function to suppress noise
in gradation region, and they include a halo control mechanism to manage
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Table A.9: Filter characteristics

Filter Algorithm C(()jn;;l;::laei:ggal Memory Frgrc[lly
Box McDonnell Box Filtering [196] Constant Time Low Yes
Integral Images [197] Constant Time High No
Classic 2D (FFT-IFFT) [198] O(NlogN) High Special HW
Gaussian Multiple Box* [199] Constant Time Low Yes
Spline Approximation [200] Constant Time High No

* Cf. Central limit theorem.

light /dark halos individually using a simple weighting function on the bin-
reduced histogram.

Computational efficiency and image quality

In § A.4.4 we reported some earlier works which implemented additional fil-
ters for improving the image quality. However, these local operations must
be repeated over large amounts of data. This results in substantial compu-
tational effort as shown in Fig. A.14, and the visual quality does improve
but at the expense of additional HW. At the same time, depending on the
bit width, image and kernel size will also result in increased HW cost. As
shown in Fig. A.14, computational efficiency can be improved by designing
O(1) algorithms which are not memory intensive and HW-friendly. Some of
these approaches and their characteristics are listed in table A.9. McDonnell
box filter [196] can be implemented by line buffers without frame buffers,
therefore it is ideal for HW design. Other approaches like layer and/or bin
of a histogram are directly related to the trade-off between calculation cost
and image quality. Also, in spatial approximation, down-sampling or tiling
with interpolation is applied for improvement of HW efficiency. When ap-
plying filter stacking, objective metrics like PSNR is used to ensure that
HW-efficient approaches maintain acceptable accuracy. Metrics like SSIM
and TMQI are suitable for assessing image quality when incorporating new
filters.

A.4.5 Video TM artifacts

In the previous sections, we presented different HW TMOs designed to tone
map HDR images. Recently, high quality HDR video content generation
is becoming easily available [6,56], therefore, the temporal aspect of TMO
cannot be neglected. Direct application of TMOs to every frame of HDR
video can lead to generation of various temporal artifacts [201]. A common
problem encountered in video capture under artificial lighting is the flickering
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artifact which is caused by the combination of frame rate and shutter speed.
Flickering artifact appear as distracting flashes which is undesirable and must
be removed. When the flicker frequency is higher than the frame rate the
artifact can be easily managed from the sensor side by averaging pixels within
the constant exposure time [44] (also see Sec. A.2.1). If the flicker frequency
is lower than the sensor frame rate then, some post-processing techniques will
be required to remove the video flicker [202]. Furthermore, Kiser et al. have
proposed a leaky integrator-based flicker removal method for HW TMO [63].

A.4.6 Design bottlenecks

Real-time image processing applications are bound by timing constraints,
i.e., for every pixel clock the processing pipeline should consume one pixel
from the camera side and deliver one to the display side. Any missed pixel
on either side would lead to loss of information or cause blanking display,
this is known as the throughput constraint. When porting SW algorithms
to HW an inherent design problem is that the SW code is developed on a
general purpose Central Processing Unit (CPU). Therefore, the algorithm
is highly sequential, and it is useful to exploit the fast CPU. However, this
is not the case on HW platform. For example, FPGAs are clocked at much
lower frequencies and designers should exploit this parallelism to implement
real-time systems. Another type of constraint that has to be met for real-
time TM system, is the pipeline latency. Here, latency implies how many
clock cycles are required to process one input pixel to processed /tone-mapped
pixel. Previously, in § A.3.3 we discussed various HW implemented TM
algorithms, and their underlying TM functions could be easily realized using
the methods discussed in § A.3.4.

Memory bottleneck is crucial for implementing image processing algo-
rithms on HW. FPGAs which have highly parallel logic blocks and fast
re-configurable interconnects to speed up window (kernel) operations offers
a solution to this problem. However, the interface speed between the TM
accelerator and the rest of the FPGA system can become the bottleneck.
The cost of moving data between off-chip memory and the accelerator can
be detrimental and outweigh the benefits of implementing the FPGA sys-
tem. Therefore, a well thought out operation sequence that obeys raster
order should be chosen, because other computation order would usually re-
quire the whole frame to be buffered. Like caching can reduce the memory
bottlenecks on CPUs, streaming FIFO interfaces can reduce the amount of
pixel accesses on FPGA HW. Also, FPGAs are provided with BRAMs which
can be read and written at the same time at every clock cycle, allowing one
stream of values to be stored and one stream to be extracted in parallel.
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Figure A.15: Block diagram for a plausible ML-based TM implementation
on HW.

A.5 Future perspective

Currently ML-based methods have become a very important tool to solve
many computer vision tasks like image classification, face detection, and
video analysis. As a future perspective we would like to leverage its poten-
tial by accelerating MIL-based TMOs using HW platforms. In this section we
will explore the challenges and opportunities that we will encounter for such
systems. Usually image processing tasks would require multiple convolution
with fully connected layers, which are exorbitantly computationally inten-
sive (for example, the operations in CNNs are over billion operations [203]).
Realizing such systems on resource constrained embedded systems would re-
quire very novel architectures and algorithms. FPGAs have been preferred
platform for realizing CNN HW accelerators for their following well-known
features: reprogrammability, low-power design features, and quick design
time [204,205].

Using Fig. A.15 we demonstrate how Gharbi et al.’s HDR-Net like ar-
chitectures are ideal baselines for realizing TMOs with Deep Neural Net-
work (DNN) on HW [206]. We find such designs are more HW friendly
because of the following features. First, the bilateral grid inspired architec-
ture represents local tone-control as simple parameterized luminance grid in
the space. Thus, the HDR-Net like high throughput design can approximate
a TM system by using a high-resolution guidance map which slices into the
grid to produce a unique, interpolated, affine transform to be applied to each
input pixel. Second, a lightweight DNN is vital for realizing HW TM system.
Thus, low-resolution DNN with down-sampling and optimum interpolation
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are important. Also, simple data transfer between DNN and TM system
is required for reducing HW load. In this scenario, output format of such
DNN architectures becomes simple. Finally, good high resolution off-line
data set and training method through whole architecture is key for realizing
this system.

In this survey we report a comprehensive list of about 60 TM algorithms
that have been implemented on HW platforms like ASIC, FPGA and FPGAs
to accelerate the data intensive algorithms for real-time performance. De-
sign and implementation of such algorithms are usually complicated, as HW
porting of their SW equivalent may need to be redesigned for efficient HW im-
plementations. This effort leads to various design challenges that are encoun-
tered during the HW development. Usually the SW algorithms are realized
with floating-point data type and fixed-point conversion of the algorithms
lead to loss of accuracy (image quality). Also, authors prefer to design their
own optimized TM functions over others in order to avoid system redesign
(line chart A.8(e)). In our literature survey we found that, various objective
quality metrics have been used to demonstrate this distortion. For easy ref-
erence we have summarized all these objective metrics used in this survey.
Finally, in this paper we also demonstrate the link between HW cost and im-
age quality thereby, illustrating the underlying trade-off. From Fig. A.8(a)
we can observe that from early days FPGAs have been preferred platform
for realizing real-time TM applications. Features like rapid-prototyping and
good support with developmental tools have made FPGAs a popular HW
platform. Another attractive feature of FPGA proven design is that it can
be ported to structured ASICs which are available from many vendors, there
by giving developers a faster route to market their products [207].
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