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Summary
Objectives: Accurate registration of lung CT images is inevitable for numerous clinical applications. Usually, nonlinear
intensity-based methods are used. Their accuracy is typically evaluated using corresponding anatomical points
(landmarks; e.g. bifurcations of bronchial and vessel trees) annotated by medical experts in the images to register.
As image registration can be interpreted as correspondence finding problem, these corresponding landmarks can
also be used in feature-based registration techniques. Recently, approaches for automated identification of such
landmark correspondences in lung CT images have been presented. In this work, a novel combination of variational
nonlinear intensity-based registration with an approach for automated landmark correspondence detection in lung
CT pairs is presented and evaluated.
Methods: The main blocks of the proposed hybrid intensity- and feature-based registration scheme are a two-step
landmark correspondence detection and the so-called CoLD (Combining Landmarks and Distance Measures) framework. The landmark correspondence identification starts with feature detection in one image followed by a blockmatching-based transfer of the features to the other image. The established correspondences are used to compute a
thin-plate spline (TPS) transformation. Within CoLD, the TPS transformation is improved by minimization of an objective function consisting of a Normalized Gradient Field distance measure and a curvature regularizer; the landmark
correspondences are guaranteed to be preserved by optimization on the kernel of the discretized landmark constraints.
Results: Based on ten publicly available end-inspiration/expiration CT scan pairs with anatomical landmark sets annotated by medical experts from the DIR-Lab database, it is shown that the hybrid registration approach is superior
in terms of accuracy: The mean distance of expert landmarks is decreased from 8.46 mm before to 1.15 mm after
registration, outperforming both the TPS transformation (1.68 mm) and a nonlinear registration without usage of
automatically detected landmarks (2.44 mm). The improvement is statistically significant in eight of ten datasets in
comparison to TPS and in nine of ten datasets in comparison to the intensity-based registration. Furthermore, CoLD
globally estimates the breathing-induced lung volume change well and results in smooth and physiologically plausible motion fields of the lungs.
Conclusions: We demonstrated that our novel landmark-based registration pipeline outperforms both TPS and the
underlying nonlinear intensity-based registration without landmark usage. This highlights the potential of automatic
landmark correspondence detection for improvement of lung CT registration accuracy.
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1. Introduction
Accurate registration of lung CT images is a prerequisite for numerous clinical applications of medical image processing. Examples range from estimation of motion fields in 4DCT images for motion management during radiotherapy of lung tumors [1] over improved assessment of operation success or lung disease progression by registration of
follow-up CT data [2] to enhanced diagnosis of emphysema or functional small-airways disease by registration-based
analysis of a local volume change between end-inspiration/expiration lung CT scan pairs [3]. These applications led
to a great interest in image registration of lung CT scans over the past years (e.g. [2], [4], [5], [6], [7], [8], [9], [10]),
with most state-of-the-art approaches in this field being formulated as nonlinear intensity-based registration methods.
The accuracy of lung CT registration is commonly evaluated using corresponding anatomical landmarks identified within the images to be registered [2], [7], [8], [10]. Typical landmarks are bifurcations of bronchial and vessel
trees and are usually annotated by human observers. Their identification, however, is time consuming and efforts
have been made to automate the process [11], [12], [13]. The reported promising performance of these approaches
motivates the integration of the automatically detected (sparse) correspondence information into intensity-based
registration as additional knowledge.
Interpreting the automatically detected landmarks within the lungs as specific image features, their integration
into intensity-based registration finally leads to hybrid feature- and intensity-based registration. Related work on the
combination of intensity- and feature-based registration can be found in, e.g., [14], [15] , [16], [17], [18], [19], [20],;
however, none of these papers tackles the problem of lung CT registration.
The contribution of this paper is twofold. First, a new pipeline for lung CT registration is introduced comprising
of an automatic landmark detection algorithm [12] and a hybrid landmark- and intensity-based technique [21], [22].
The second contribution is a thorough quantitative evaluation and statistical testing of the underlying hypothesis
that the combination of these two building blocks is more accurate than each approach solely used.

2. Methods
Following [23], image registration is concerned with finding a physically plausible transformation 𝑦 that describes the
correspondence between two given images. These images will be referred to as reference image 𝑅 and template
image 𝑇. It is well known that landmark detection methods can reliably and accurately establish this correspondence
at certain distinctive points [11]. After sketching an algorithm specifically tailored for the problem of landmark detection and matching in lung CT scans, we will describe how to integrate this information into an intensity-based
nonlinear registration method.
2.1. Automatic Landmark Detection
The applied approach for automatic detection of landmark correspondences between the images to be registered is
based on [11] and [12]. The algorithm consists of two separate phases: identification of landmark candidates in the
reference image 𝑅 and transferring them to the template image 𝑇. The candidate identification in 𝑅 is based on a

voxel-wise computation of a distinctiveness value. This value describes the similarity of a voxel to its neighbors [13]
and is calculated as mean squared intensity difference to all surrounding voxels.
As we aim for the detection of anatomically characteristic points like bifurcations of vessels or bronchi, which
are both characterized by high curvature, the distinctiveness value is scaled using an appropriate operator, see Figure 1. As proposed in [24], the Op3 operator is used for this purpose.
For the second phase, i.e. transferring the detected landmark candidates (voxels with high distinctiveness values) from 𝑅 to 𝑇, a two-step correlation-based blockmatching strategy is exploited. The landmark candidates are
first transferred by a common intensity-based blockmatching procedure. Then, they are additionally transferred by
performing a second blockmatching run, this time based on the distinctiveness values computed for 𝑅 and 𝑇. After
both matching runs, plausibility checks are introduced to improve robustness of the transfer; cf. [12] for details.
2.2. Image Registration
For the three-dimensional scans considered here, let 𝑅, 𝑇: ℝ3 ⊃ Ω → ℝ denote reference and template image with
compact domain Ω. Following the variational formulation described in [23], we compute the a priori unknown transformation 𝑦: ℝ3 → ℝ3 that is used to obtain a modified template image 𝑇(𝑦), which is similar to 𝑅, by solving the
following optimization problem:
𝒥(𝑦) ≔ 𝒟(𝑦) + 𝛼𝒮(𝑦 − 𝑦𝑅𝑒𝑓 ) = min!

(1)

The joint objective functional 𝒥 consists of a distance measure 𝒟 and a regularizer 𝒮 favoring plausible transformations [23]. The regularization term is weighted by the parameter 𝛼 ∈ ℝ+, which enables a balance between data
fit (image distance) and deformation regularity. The reference transformation 𝑦𝑅𝑒𝑓 is considered a plausible transformation (e.g. the result of a pre-registration) and is therefore not penalized.
As distance measure a variant of the Normalized Gradient Fields (NGF) [25] is used, which is well-suited for
proper alignment of edges represented e.g. by vessels and bronchi in the lung CT data [4]:

𝒟(𝑦) ≔ ∫ 1 −
Ω

〈∇𝑇(𝑦(𝑥)), ∇𝑅(𝑥)〉2𝜂
‖∇𝑇(𝑦(𝑥))‖2𝜂 ‖𝑅(𝑥)‖2𝜂

𝑑𝑥

(2)

with 〈𝑎, 𝑏〉𝜂 ≔ 𝜂 2 + ∑3𝑖=1 𝑎𝑖 𝑏𝑖 and ‖𝑎‖2𝜂 ≔ 〈𝑎, 𝑎〉𝜂 . The edge parameter 𝜂 ∈ ℝ+ allows for distinction between
image features and noise-related edges. A major advantage of NGF is its independence of absolute intensity differences between corresponding areas in template and reference image as it was designed for multi-modal image registration. This feature pays off especially in registration of images acquired during different breathing phases. Here,
intensity differences occur due to altered density of lung tissue and hence changed absorption of X-rays during acquisition of CT data.
Based on the findings in [4], curvature regularization [26] is employed:
2

𝒮(𝑦) ≔ ∑3𝑖=1 ∫𝛺 (∆𝑦𝑖 (𝑥)) 𝑑𝑥.

(3)

Potential breathing-induced sliding effects and possible discontinuities near the lung borders are accounted for by
masking the images with lung segmentations, cf. [4]. Segmentations for the reference (Seg 𝑅 ) and template images
(Seg 𝑇 ) are generated with the algorithm of Lassen et al. [27], which performed best in the LOLA11 challenge [28] for
lung and lung lobe segmentation in chest CT scans.
A local minimizer of (1) is obtained in a Discretize-then-Optimize scheme using multilevel representations of the
data. By solving the problem from coarse to fine, the risk of getting stuck in local minima during optimization is reduced and the multilevel approach acts as an additional regularizer. For numerical optimization of the discretized
objective functional, the Gauss-Newton method combined with Armijo line search and a Conjugate Gradients solver
was used, cf. [29]. The described registration scheme without usage of landmarks is subsequently called Multilevel
Image Registration (MLIR) [23]. As an additional pre-registration step of MLIR, we employ an affine-linear registration of the lung masks.
2.3. Combining Landmarks and Distance Measures (CoLD)
For integration of the automatically detected landmark correspondences into the registration scheme MLIR described in the previous section, the so-called CoLD method is exploited. CoLD was introduced in [21] and later adjusted to the Discretize-then-Optimize scheme [22] used in this work. The fundamental idea of CoLD is to restrict the
MLIR scheme to transformations that map the landmarks onto their corresponding locations in the other image. By
formulating the approach as a constrained optimization problem, the combined registration can be achieved in one
unified algorithm; see [22].
Assuming 𝐿 landmark pairs (𝑟𝑗 , 𝑡𝑗 ) , 𝑗 = 1, … , 𝐿 have been established by the automatic landmark detection algorithm from section 2.1, the associated constrained optimization problem is given by:
𝒥(𝑦) = min! subject to 𝑦(𝑟𝑗 ) = 𝑡𝑗 ,

𝑗 = 1, … , 𝐿.

(4)

In order to find a feasible starting point for the minimization of (4), i.e. a transformation fulfilling the landmark constraints, we employ a thin-plate spline (TPS) based transformation [24]. TPS transformations have been earlier used
to successfully establish landmark correspondences in lung CT images; see, e.g., [13]. Furthermore, there exists a
close relation to the applied curvature regularization approach [26], [30]. The calculated solution 𝑦𝑇𝑃𝑆 maps each
reference landmark 𝑟𝑗 to its corresponding template landmark 𝑡𝑗 , 𝑗 = 1, … , 𝐿.
Following the CoLD approach, the sought transformation is decomposed as 𝑦 = 𝑦𝑇𝑃𝑆 + 𝑦ℎ . The homogenous
solution 𝑦ℎ is chosen such that it does not interfere with the constraints of (4) but offers further degrees of freedom
for the optimization of ℐ. For this purpose, a linear operator 𝑍 is constructed that maps a transformation 𝑣 onto the
homogenous solution 𝑦ℎ = 𝑍(𝑣). For details on 𝑍 and the discretization of the described functions that are necessary for numerical optimization, we refer the reader to the description in [22].
With the help of 𝑍 it is possible to transform (4) into an unconstrained optimization problem. We set
𝑦𝑅𝑒𝑓 = 𝑦𝑇𝑃𝑆 and obtain:
𝒥 𝐶𝑜𝐿𝐷 (𝑣) ≔ 𝒟(𝑦𝑇𝑃𝑆 + 𝑍(𝑣)) + 𝛼𝒮(𝑍(𝑣)) = min!

(5)

The minimization problem (5) can now be solved analogously to (1) with a Gauss-Newton approach as described in
Section 2.2. For further details on the discretization of distance measure and regularizer the interested reader is
referred to [23].

3. Experiments and Results
3.1. Study Design and Data
The presented pipeline of automatic landmark detection and hybrid registration (originating from [21], [22]) is subsequently referred to as CoLD. To analyze the potential benefit of the combination of landmark and intensity information for the application of lung CT registration, we compare CoLD to the purely intensity-based registration approach of Section 2.2, referred to as MLIR, see [23], and the TPS transformation (described in [24]) as computed
based on the automatically detected landmarks. The applied evaluation criteria are described in Section 3.2.
We chose ten data sets provided by the DIR-Lab ([5], [7]) as the basis for this comparison on pulmonary CT data.
Together with the additionally provided landmarks they are a well-known publicly available benchmark database for
lung CT registration. From each data set, the scan during maximal inspiration was chosen as reference and the maximal expiration scan as template image because in this scenario the largest motions occur, which makes the registration task more difficult. The axial resolution of the data varies from 0.97 mm × 0.97 mm to 1.16 mm × 1.16 mm and
the resolution in inferior-superior direction is 2.5 mm for all data sets. Each data set contains 300 landmark pairs
that were manually annotated by medical experts and are well distributed over the entire lung volume [5], [7]. Note
that these landmarks were exclusively used for evaluation of registration accuracy, but not as input to TPS and CoLD.
The generated lung segmentations were used to extract the lung volumes from the scans, on which registrations were performed. As second preprocessing step, data sets 6 to 10 were cropped by removing voxels that do not
belong to a bounding box of the lung segmentations plus a margin of five voxels to avoid artifacts at the boundaries.
Each data set was finally resampled to a maximal resolution of m = (256, 256, 128) to reduce the computational demands.
The multi-level pyramid used for registration consisted of five levels, i.e. we started with a discretization of
𝐦0 = (16,16,8) as a compromise between speed and valuable information necessary for intensity-based registration. The parameters 𝛼 = 4 and 𝜂 = 150 were determined empirically and used for MLIR as well as for CoLD on all
data sets. All implementations were done in MATLAB® based on the FAIR registration toolbox [23].
3.2. Evaluation Criteria
Computing the distance of expert-annotated landmarks after registration is a common procedure for evaluation of
the accuracy of registration methods, cf. e.g., [2], [8]. Let 𝑑𝑖,𝑗 = ||𝑦(𝑟𝑗𝑖 ) − 𝑡𝑗𝑖 || , 𝑖 = 1, … ,10, 𝑗 = 1, … ,300 denote the
Euclidean distance of transformed reference and template landmark number 𝑗 in data set number 𝑖. Following [5],
[6], [7], we report mean values and standard deviations of the distances per data set. As these Euclidean distances
are not necessarily normally distributed, we employed one-sided Wilcoxon rank sum tests for significance testing of
the landmark distance reduction between the registration algorithms. Median landmark distances on data set 𝑖 are
denoted as 𝑑̃𝑖 , mean values as 𝑑̅𝑖 , standard deviations as 𝜎𝑖 and maximum distances as 𝑀𝑖 . The three tested null

hypotheses for data set 𝑖 were: 𝑑̃𝑖TPS ≤ 𝑑̃𝑖CoLD , 𝑑̃𝑖MLIR ≤ 𝑑̃𝑖CoLD and 𝑑̃𝑖MLIR ≤ 𝑑̃𝑖TPS. The considered Bonferroni corrected significance level was 𝛼 =

0.05
.
3

As we aim for an evaluation of the entire deformation field while the landmarks are located at only a few positions, we also analyzed the Jacobian determinant |∇𝑦(𝑥)| of the transformation 𝑦. The Jacobian measures the local
volume change: A value of |∇𝑦(𝑥)| = 1 means volume preservation, a deviation from 1 indicates local volume expansion (|∇𝑦(𝑥)| > 1) or contraction (|∇𝑦(𝑥)| < 1). If |∇𝑦(𝑥)| > 0, the deformation is invertible at 𝑥 [31]. If
|∇𝑦(𝑥)| < 0 a change of orientation occurred. Hence, we consider values |∇𝑦(𝑥)| ≤ 0 as implausible singularities for
a lung deformation [2]. Moreover, the average Jacobian determinant value over all lung voxels should correlate with
the ratio of template lung volume to reference lung volume. This indicates a good global alignment as this ratio is an
estimator for the volume change of the whole lung tissue.

3.3. Results
Figure 2 shows registration results as absolute difference of reference and transformed template image. Visual inspection of Figure 2 (c) and (g) indicates a good alignment of large vessels and lung boundaries by the purely landmark-based TPS solution. Although MLIR gives satisfying results in (b), it fails to register properly for the 8th case
(Figure 2 (f)) as many vessels of reference and template image are not aligned and have high intensity differences,
i.e., they are bright. In total, results of CoLD ((d) and (h)) give the best visual impression.
Quantitative registration results concerning landmark distances for the three tested methods and the initial situation are summarized in Table 1. The observer error is integrated to show the distances that medical experts can
achieve when performing manual propagation of the reference landmarks to the template image. The values are
considered as lower boundary for the achievable registration accuracy. As the manual landmark annotations from
[5], [7] were restricted to the voxel grid, the deformed reference landmark positions were moved to the closest
voxel center before computing the Euclidean landmark distances (see also [2]). The values show that the proposed
hybrid registration approach CoLD clearly outperforms both the TPS and the MLIR method; CoLD achieves a mean
landmark distance of 1.15 mm over all data sets (TPS: 1.68 mm; MLIR: 2.44 mm). CoLD consistently produced the
lowest mean and median landmark distances in all ten cases. In eight out of these ten cases a significant difference
in median distance to TPS is given by one-sided Wilcoxon rank sum tests. For the comparison of MLIR and CoLD, a
significant result in favor of CoLD is achieved on nine of ten data sets. The detailed results are given in Table 2.
The results of the Jacobian determinant analysis are summarized in Table 3. The analysis of |∇𝑦(𝑥)| reveals
plausible minimal and maximal values for all registration approaches. None of the methods produces singularities.
Furthermore, the minimal contraction to approximately half the volume in most cases is within our expectations.
The maximal values are in a realistic range as at most a local expansion of 63 % occurs. The global volume change
(|Seg 𝑇 | ⁄|Seg 𝑅 |) is also approximated well by all three algorithms with the best method for this criterion again being
CoLD.
The landmark detection algorithm computed at least 137 (data set 6), on average 239 and at most 375 (data set
2) landmark pairs. A qualitative result concerning spatial landmark distribution is given for data set 1 in Figure 1.

4. Discussion and Conclusions
We have presented a combination of automatic detection of landmark correspondences in lung CT images and a
nonlinear intensity-based registration. Comparison with a traditional nonlinear intensity-based and a landmarkbased TPS registration reveals that the proposed combined approach outperforms both its building blocks if applied
as individual components. Hence, the combination of landmark and intensity information is valuable for the important problem of lung CT registration.
In general, the quality of the landmark correspondences established by the landmark detection algorithm was
very high, which is reflected by good results after registration with the TPS method that exclusively takes the landmark pairs as input. As the number of landmark pairs was rather low (239 on average) compared to the mean number that was originally set by the medical experts (on average 882 [5], [7], only 300 landmarks per data set are publically available), there should still be potential for further improvement concerning both the number of the detected
landmark candidates and especially the robustness of their transfer from reference to template image. As future
work, we plan to address this issue by using multi-level and multi-scale techniques as well as further local refinements of the landmark matching.
On the registration side, the inherent CoLD assumption that landmarks can be unambiguously assigned to their
corresponding locations is under debate [16]. Preliminary work using tolerances for the landmark assignment [32]
shows very promising results. Hence, the systematic comparison of different ways of combining landmarks and intensity information for the problem of CT lung registration is subject to future investigation.

Figure 1: Visualization of landmark detection. Left: Op3 operator answers. High values correspond to dark blue
colors. Right: Detected landmarks are shown as dots.

(a) Case 4 – Original

(b) Case 4 – MLIR

(c) Case 4 – TPS

(d) Case 4 – CoLD

(e) Case 8 – Original
(f) Case 8 – MLIR
(g) Case 8 – TPS
(h) Case 8 – CoLD
Figure 2: Overlay of reference (orange) and (transformed) template image (blue) in an axial view of the 4th case
(top row) and in a coronal view of the 8th case (bottom row). Correctly aligned structures are grey or white.
Table 1: Statistics of distances of DIR-Lab landmarks for the three tested methods after registration. Second column shows mean (standard deviation) observer errors of medical experts of the DIR-Lab ([5], [7]). Columns labeled as “initial” report distances without registration. All values are given in mm; best results are printed bold.
Case (𝑖)
1
2
3
4
5
6
7
8
9
10
Average

Observer
Error
0.85 (1.24)
0.70 (0.99)
0.77 (1.01)
1.13 (1.27)
0.92 (1.16)
0.97 (1.38)
0.81 (1.32)
1.03 (2.19)
0.75 (1.09)
0.86 (1.45)
0.88 (1.31)

Initial
3.89
4.34
6.94
9.83
7.48
10.89
11.03
14.99
7.92
7.30
8.46

Mean (𝑑̅𝑖 )
TPS MLIR
0.94 1.08
0.91 1.04
1.21 1.93
1.94 2.12
1.86 1.94
1.98 1.89
2.14 3.08
2.16 5.08
1.85 3.35
1.80 2.87
1.68 2.44

CoLD
0.79
0.79
0.90
1.37
1.44
1.06
1.29
1.45
1.20
1.24
1.15

Standard deviation (𝜎𝑖 )
Initial TPS MLIR CoLD
2.78 1.07 1.05 0.93
3.90 0.96 1.19 0.93
4.05 1.22 1.80 1.11
4.86 1.52 2.17 1.19
5.51 1.60 1.96 1.60
6.97 1.65 1.60 1.23
7.43 1.51 2.31 1.27
9.01 1.50 4.22 1.40
3.98 1.22 2.71 1.06
6.35 1.60 2.79 1.56
5.48 1.39 2.18 1.23

Initial
10.90
17.69
16.55
20.25
24.78
27.59
30.64
30.57
15.76
27.79
22.25

Maximum (𝑀𝑖 )
TPS
MLIR
5.00
3.71
4.87
3.60
6.07 10.26
11.75 14.84
15.39 16.60
12.13
6.70
8.04 10.19
9.74 20.38
5.87 11.93
11.51 12.87
8.91 11.23

CoLD
3.31
3.60
6.79
10.17
16.60
8.50
6.48
10.41
5.36
11.55
8.28

Table 2: Results (p-values) of one-sided Wilcoxon rank sum test. Null hypothesis is that median of 1st method is
less or equal than median of 2nd method. Significant results (p <
Case (𝑖)
TPS vs. CoLD
MLIR vs. CoLD
MLIR vs. TPS

1
0.1091
0.0004
0.0281

2
0.0700
0.0216
0.2587

𝟎.𝟎𝟓
≈
𝟑

𝟎. 𝟎𝟏𝟔𝟕) are bold.

3
4
5
6
7
8
9
10
0.0010 < 𝟏𝟎−𝟔 < 𝟏𝟎−𝟒 < 𝟏𝟎−𝟗 < 𝟏𝟎−𝟗 < 𝟏𝟎−𝟗 < 𝟏𝟎−𝟗 < 𝟏𝟎−𝟖
< 𝟏𝟎−𝟗 < 𝟏𝟎−𝟒 0.0004 < 𝟏𝟎−𝟗 < 𝟏𝟎−𝟗 < 𝟏𝟎−𝟗 < 𝟏𝟎−𝟗 < 𝟏𝟎−𝟗
< 𝟏𝟎−𝟓 0.7543 0.7055 0.8670 < 𝟏𝟎−𝟔 < 𝟏𝟎−𝟗 < 𝟏𝟎−𝟗 < 𝟏𝟎−𝟒

Table 3: Statistics on Jacobian determinants |𝛁𝒚(𝒙)|. The second column equals the template image lung volume
divided by reference image lung volume. The values for the method that approximates this ratio best are bold.
Case
1
2
3
4
5
6
7
8
9
10

|Seg 𝑇 |
|Seg 𝑅 |
0.915
0.917
0.896
0.861
0.905
0.770
0.812
0.830
0.859
0.859

TPS
0.931
0.927
0.914
0.859
0.895
0.826
0.837
0.847
0.894
0.881

Average
MLIR
0.920
0.925
0.904
0.863
0.909
0.776
0.826
0.837
0.860
0.869

CoLD
0.917
0.919
0.896
0.843
0.902
0.777
0.817
0.834
0.859
0.854

TPS
0.555
0.708
0.633
0.525
0.517
0.552
0.642
0.523
0.614
0.504

Minimum
MLIR
0.639
0.577
0.608
0.535
0.505
0.412
0.488
0.487
0.557
0.563

CoLD
0.547
0.641
0.616
0.475
0.478
0.149
0.520
0.488
0.506
0.459

TPS
1.167
1.132
1.205
1.202
1.212
1.114
1.022
1.087
1.260
1.084

Maximum
MLIR
1.355
1.216
1.571
1.333
1.254
1.239
1.248
1.315
1.250
1.383

CoLD
1.277
1.299
1.628
1.367
1.308
1.228
1.219
1.351
1.395
1.360
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