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Deformable image registration provides a robust mathematical framework to quantify  
morphological changes that occur along the course of external beam radiotherapy treatments. 
As clinical reliability of deformable image registration is not always guaranteed, algorithm regular-
ization is commonly introduced to prevent sharp discontinuities in the quantified deformation and 
achieve anatomically consistent results. In this work we analyzed the influence of regularization 
on two different registration methods, i.e. B-Splines and Log Domain Diffeomorphic Demons, 
implemented in an open-source platform. We retrospectively analyzed the simulation computed 
tomography (CTsim) and the corresponding re-planning computed tomography (CTrepl) scans 
in 30 head and neck cancer patients. First, we investigated the influence of regularization levels 
on hounsfield units (HU) information in 10 test patients for each considered method. Then, we 
compared the registration results of the open-source implementation at selected best performing 
regularization levels with a clinical commercial software on the remaining 20 patients in terms of 
mean volume overlap, surface and center of mass distances between manual outlines and prop-
agated structures. The regularized B-Splines method was not statistically different from the com-
mercial software. The tuning of the regularization parameters allowed open-source algorithms 
to achieve better results in deformable image registration for head and neck patients, with the 
additional benefit of a framework where regularization can be tuned on a patient specific basis.

Key words: Regularization; Deformable image registration; B-Splines; Demons; MIMvista; 
Head and neck cancer.

Introduction

Current clinical practice in head and neck (HN) cancer radiotherapy provides 
evidence that significant anatomical changes over the course of treatment occur, 
especially in terms of patient weight loss, tumor volume shrinkage and reduc-
tion of parotid volumes (1-5). Recent studies reported an average weight loss  
of 3.3% in HN patients (3), along with a tumor shrinkage of 70% (1) and 
parotid volume reduction of 49.8% (2). HN patients may therefore benefit from 
 re-planning, as a way to minimize the effects of measured anatomical variations  
(4, 6). Smart and image-driven criteria for replanning individuation have recently 
been proposed (7), together with robust validation metrics for adapted structures 
evaluation (8).
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Deformable image registration (DIR) provides the method-
ological framework to map deforming organs in a compre-
hensive adaptive treatment plan, accounting for deformations 
occurred along the treatment and assessing the dosimetric 
impact of the anatomical changes, detected using in-room 
image guidance (9). The task of DIR is to define the geo-
metric transformation Φ that maps the spatial coordinates 
of homologous points between different imaging studies, in 
order to make the floating transformed image M x, y, z similar 
to the reference R(x, y, z), so that R x, y, z 5 M Φ(x, y, z). The 
deformation models determine the way in which the floating 
image can be deformed to improve the similarity with respect 
to the reference image.

Several DIR algorithms have been proposed (10-13). A coarse 
classification can be drawn to distinguish between physics-
based and intensity-based algorithms (14). It has been shown 
that multi-resolution approaches are preferable to minimize 
the effects of large deformations, as those in HN adaptive 
treatments (15, 11). In all cases, if the optimization process is 
not somewhat restricted, it is possible to achieve folded con-
figuration of the floating volumes, resulting in inconsistent 
topology of the deformation field and physically meaning-
less deformed images. One possible strategy is to control the 
iteration process, by means of smart convergence detection 
strategies (16).

When intensity-based algorithms are considered, specific 
strategies are needed to ensure topology preservation. This is 
typically accomplished by adding regularization terms in the 
computation of the deformation field (10, 11). Lee and col-
leagues suggested that regularization of the deformation field 
and/or the use of constraints would be beneficial to improve 
results in automatic intensity-based DIR (3). Recent DIR 
comparison studies in HN patients show that intensity-based 
algorithms, with embedded regularization, feature enhanced 
accuracy in the alignment of deformable anatomy (10). 
The regularization process contributes to obtain smoother 
deformation fields, limiting the occurrences of folding (17). 
Nonetheless no systematic studies have been proposed for 
investigating the needed amount of regularization in DIR 
applied to HN adaptive radiotherapy. 

On the other hand, the reliability of DIR procedures is criti-
cal for the clinical implementation of effective adaptive 
radiotherapy protocols (18). A crucial issue is the preserva-
tion of topology in the computation of the deformation field, 
to maintain neighborhood relationships and integrity of ana-
tomical structures (19). Assessing the clinical validity of DIR 
is a complex task (19, 20) and appropriate validation study 
at each anatomical site are needed (3). Comparative studies 
have been performed, relying on either deformable phantoms 
or common datasets with verification landmarks or struc-
tures segmented by experts (10-13). Visual inspection of the 

deformation field along with verification of topology-related 
properties, such as the Jacobian or inverse consistency, have 
been suggested as key elements for DIR validation (21).

In this work we report on DIR regularization on HN cases, 
showing the sensitivity of results to variable levels of regu-
larization in the deformation field. We analyzed the influ-
ence of regularization on B-Splines (22) and on Log Domain 
Diffeomorphic Demons (23) DIR algorithm. Furthermore, 
we compared the results with a commercial implementa-
tion of DIR in the clinical package MIMvista (version 5.4.7,  
MIMvista Corp, Cleveland, OH). Regularization parameters 
for both algorithms were largely varied for a set of 10 train-
ing cases, and the best performing values were selected for a 
subsequent testing phase on 20 HN patients.

Materials and Methods

Image Dataset

The study was performed retrospectively on 30 HN cancer 
patients, who received a radiotherapy treatment at the Euro-
pean Institute of Oncology (IEO, Milano, Italy). All patients 
underwent IMRT, with a dose prescription of 60-70 Gy, 
delivered in 2-2.12 Gy/fraction, thus leading to a 5-7 weeks 
treatment length. The current protocol prescribes the acqui-
sition of a planning contrast enhanced CT (CTsim), as well 
as of a re-planning CT at 40 and/or 50 Gy (CTrepl), acquired 
on a GE Light Speed (GE Medical System, Fairfield, CT). At 
each fraction, patients were immobilized by means of cus-
tomized head and shoulder thermoplastic mask, bite block 
and headrest. The image resolution for the CT scans used 
for planning is approximately 1 mm in anterior-posterior 
(AP) and latero-lateral (LL) directions and 3 mm in superior- 
inferior (SI) direction. Image pre-processing included the 
removal of the treatment couch and a preliminary 6 degree 
of freedom rigid registration, in order to compensate any 
global misalignment that would compromise deformable 
registration results. The rigid registration was in any case 
performed on the whole image, in order to make the non-
rigid registration results comparable among the different 
algorithms.

Algorithms for Regularized Deformable Image Registration 

Mainstream intensity-based DIR algorithms such as B-splines 
and Demons (parametric and non-parametric, respectively) 
were considered in the analysis (10-13), with a benchmark 
based on a commercial system for DIR in clinical practice. In 
(24), MIMvista is described as an intensity-based algorithm 
with essentially limitless degrees of freedom, depending on 
required accuracy and execution speed. Details on the algo-
rithm are not available and parameter tuning is not allowed 
to the user.
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Demons Implementation

There are a number of different implementation of the origi-
nal demons algorithm, as presented by Thirion (25). The Log 
Domain Diffeomorphic Demons is an ITK-based interest-
ing variation formulated by Vercauteren that combines the 
advantage of optimizing a diffeomorphic transformation with 
a computationally efficient framework (19).

The algorithm aims at minimizing the global energy:
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where

 � �� � � �Φ ΦR M R MSimil( ,  ) ) 2
 [2]

is the image disparity measure (i.e. mean squared error),

 Dist(Φ, s) 5 � Φ s 2 [3]

represents the similarity between the deformations Φ and s 
and Reg(s) is the degree of smoothness of the deformation. 
Minimizing the global energy means finding a small update u 
to compose with the current transformation s such that

 Φ 5 s  u [4]

At each iteration, an update of the velocity field u* is com-
puted minimizing:
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Then, s is obtained as: 

 � �← us K Kexp( )diff fluid
*

 [7]

where Kfluid 5 𝒢[0, σ fluid
2  I] and Kdiff 5 𝒢[0, σ diff

2  I] are the 
Gaussian kernels used to perform the fluid-like regulariza-
tion of the update to the transformation and the diffusion-like 
regularization of the updated transformation, respectively. 
The amount of regularization is controlled by the amplitude 
of the Gaussian Kernel, thus by changing σ fluid

2  and σ diff
2 . 

B-Splines Implementation

Among the parametric DIR methods, the choice of B-splines, 
was mainly motivated from its characteristic of local sup-
port, robustness and great flexibility. Amongst the available 
B-Splines algorithms for DIR, we selected the memory effi-
cient implementation in Plastimatch (www.plastimatch.org), 
an open-source software for image registration that allows 
flexible DIR implementation as a function of a customizable 
parameters set (18).

In our tests, we chose as optimizer the Limited-memory 
Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) method, a 
quasi-Newton algorithm known for its superior performance 
when dealing with high-dimensionality problems (25, 27). 
Plastimatch B-Splines registration algorithm features a sec-
ond derivative additive regularization, whose contribution is 
regulated by a weight parameter λ (17).

For a vector field u 5 (ux, uy, uz) the regularization term is 
given as:
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[9]

The integration is performed over the domain of the fixed 
image. This gives the general form of the cost function to be 
minimized as follows:

 c 5 cImm 1 l cReg [10]
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where cImm accounts for the similarity of the images and cReg 
is the proper regularization metric term.

Experiments

In order to compare objectively the performance of the two 
algorithms and the commercial software package, we selected 
10 non-contoured duplets of CT scans (CTsim and CTrepl) as 
blinded dataset. We run the DIR procedures between CTsim 
and CTrepl chosen as reference and floating image, respec-
tively, varying regularization parameters values from 1025 to 
1 (with one magnitude order increase step) for l and from 0 to 
3 (with step of half a voxel, 0.5 mm in our dataset) for sfluid and 
sdiff. Registrations results were evaluated in terms of residual 
root mean square error (RMSE) and normalized mutual infor-
mation (NMI) between the CTrepl and corresponding output 
images. These first results let us define the best performing val-
ues of sfluid, sdiff and l, that were used for the subsequent accu-
racy verification phase. In order to generalize the verification 
results, we considered an independent dataset composed of 
CT studies in 20 patients, on which we performed deformable 
registration between each pair of CTsim and CTrepl using 

[11]
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regularized B-Splines, Demons algorithm and MIMvista. On 
this set of images, mandibles, parotid glands and nodal gross 
tumor volumes (nGTVs) were retrospectively drawn by the 
same expert radiation oncologist. Registrations results were 
evaluated in terms of RMSE, NMI, Dice similarity coefficient 
(DSC) (28), 3D residual center of mass distance and surface 
distance between the manually segmented volumes of CTsim 
and the deformed structures, which were obtained by warp-
ing the original ones drawn on CTrepl according to the vector 
fields resulting from the DIR process. Post registration NMI 
was calculated between the warped CT and the CTrepl and 
scaled for the NMI value of CTrepl. The Surface Distance 
was computed relying on the Hausdorff Distance implemen-
tation provided by the Insight Toolkit (ITK, www.itk.org), as 
the average of the  bi-directional Hausdorff distances obtained 
over the binary contours of interest using the Danielsson dis-
tance maps (29).

All the registrations realized by the open-source software 
were computed on a 2.4 GHz Linux machine (single core, 
RAM 16 GB).

We evaluated the differences among algorithms outcomes by 
using a Friedman test for a paired-wise comparison at 0.01 level 
of significance and post-hoc comparison based on group ranks.

Results

Variability as a Function of the Amount of Regularization

In Figure 1, we report the median and inter-quartile distribution 
of RMSE (Figure 1A and 1B, respectively) and NMI (Figure 1C 
and 1D) for all analyzed Log Domain Diffeomorphic Demons 

registrations performed for training, as a function of sfluid and 
sdiff. In Figure 1B and 1D, the higher variability corresponds 
to the case in which no regularization is set (sfluid and sdiff both 
equal to zero). It also is evident that larger values of regulariza-
tion parameters do not necessarily imply better outcomes, but 
rather higher RMSE and lower NMI. The optimal configuration 
is found as trade-off between the two regularization parameters 
in terms of RMSE minimization and NMI maximization. The 
dominant parameter seems to be sdiff, which led to worse results 
when being increased. Conversely, no significant changes were 
caused by varying the value of sfluid, which simply implied an 
increase of the computational cost (.1.5 hours). 

Therefore, during the subsequent verification phase, we set 
sfluid to zero (i.e. no fluid-like regularization) and we tested 
values of sdiff of 0.5 and 1.5, i.e. at the best and at the bor-
derline scores. Calculation time ranges between 15 and 30 
minutes, approximately. Imposing a sdiff of 0.5 voxels means 
to have a very low amount of regularization, whereas 1.0 
or 1.5 voxel kernel radius are reported by Vercauteren and  
colleagues as their preferred values (23, 30). 

The evaluation of the performance of the B-Splines deformable 
image registration (Figure 2) points out that, apart from few 
cases, the amount of regularization does not have a significantly 
different impact on the final RMSE and NMI values. Nonethe-
less, the absence of regularization or a too large l is reflected 
by an worsening in the chosen evaluation metrics. In order to 
highlight this influence, l was fixed to 1023 and 5 3 1022, in 
the attempt to assess the relationship between the amount of 
regularization and the final evaluation scores (DSC, 3D cen-
ter of mass distance and surface distance). Average calculation 
time for B-Splines registrations is inferior to 10 minutes.

Figure 1: Median and inter-quartile RMSE (panels A and B, respectively) and NMI (panels C and D, respectively) at varying sdiff and sfluid from 0 to 3 for 
Log Domain Diffeomorphic Demons. The reported colorbars reflect the different scale of values of median and inter-quartile RMSE and NMI. 
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Accuracy Evaluation

As previously described, the best performing regularization 
parameters for both parametric and non-parametric registration 
approaches, were applied on a testing dataset. We calculated the 

median and inter-quartile RMSE values at chosen l, sdiff and 
sfluid and we checked their agreement with the results obtained in 
the previous phase for a wider variation of regularization param-
eters. In Log Domain Demons implementation, median RMSE 
(25th-75th percentile) reached 22 HU (19-25) for sdiff 5 0.5 and 

Figure 2: Median and inter-quartile RMSE (panel A) and NMI (panel B) at varying l from 1025 to 1 for B-Splines. On each box, the central mark is the 
median, the edges of the box are the 25th and 75th percentiles, the whiskers extend to the 90th and 10th percentiles, and the dots represent the extreme outliers.

Figure 3: The median, 25th and 75th percentiles distributions of 3D center of mass distance (panel A), surface distance (panel B) and Dice similarity index 
(panel C) for n-GTV, mandible, right and left parotid glands are shown (from left to right: B-Splines with l 5 1023, B-Splines with l 5 0.05, Log Domain 
Demons with sdiff 5 0.5 and sfluid 5 0.0, Log Domain Demons with sdiff 5 1.5 and sfluid 5 0.0, MIMvista).
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23 HU (22-26) for sdiff 5 1.5, whereas, for B-Splines imple-
mentation it results in 28 HU (26.00-31.00) for l 5 1023 and 28 
HU (26-31) for l 5 0.05. Similarly, the median NMI (25th-75th 
percentile) was 0.60 (0.59-0.60) for sdiff 5 0.5 and 0.61 (0.60-
0.62) for sdiff 5 1.5 for Log Domain Demons implementation, 
and 0.59 (0.58-0.60) for l 5 1023 and for l 5 1023 in B-Splines 
implementation.

The performance assessments of the algorithms were 
obtained by comparing the anatomical structures, which were 
manually drawn on the original planning CT and propagated 
according to the estimated deformation field, with those out-
lined on the re-planning CT. In Figure 3, the distribution 
(median and inter-quartile range) of 3D center of mass dis-
tance, DSC and surface distance for the 20 patients included 
in this study are reported. We computed the scores for both 
open-source implementations and MIMvista with a separate 
ad-hoc designed tool (www.plastimatch.org). 

No statistical difference exists between the distributions 
of the metrics for the two chosen l values, for any of the 
considered evaluation metrics. Log Domain Diffeomorphic 
Demons with sdiff 5 0.5 was the worst performing combi-
nation for all structures except for the mandible, which was 
warped accurately by the algorithm. In Figure 4 an example 
of warped parotid glands is shown for the different algo-
rithms and levels of regularization that were tested. For the 
Demons algorithm the warping of anatomical structures 

suffered from a significant lack of smoothing (panels A and 
B), whereas B-Splines resulted in more regularly shaped 
contours (panels C and D), thus confirming the numerical 
results in Figure 3.

For the mandible, no statistical difference was found among 
the algorithms in terms of DSC values. MIMvista was signifi-
cantly different from both B-Splines and Demons propagated 
contours and post-hoc comparison revealed that it was worse 
performing in terms of 3D center of mass and median surface 
distance. 

For the right parotid gland, no significant difference was 
found between the Log Domain Demons implementations at 
different sdiff for all metrics. Conversely, both regularization 
levels were significantly different from Plastimatch regular-
ization levels and MIMvista for all metrics. By looking at 
ranks, Log Domain Diffeomorphic Demons implementation 
exhibited the poorest performance amongst the three algo-
rithms. Regularized B-Splines did not show statistically sig-
nificant differences of all metrics with respect to MIMvista 
for both parotids.

For left parotid, Log Domain Diffeomorphic Demons 
with sdiff 5 0.5 performed differently from B-Splines with 
l 5 0.05 and MIMvista in terms of both DSC and mean sur-
face distance; no difference was found among the methods in 
3D center of mass distance. 

Figure 4: An example of warped parotid glands contours (dashed gray regions) versus original parotid glands contours (solid black) for a Log Domain 
Demons with sdiff 5 0.5 and sfluid 5 0.0 (panel A), Log Domain Demons with sdiff 5 1.5 and sfluid 5 0.0 (panel B), B-Splines with l 5 1023 (panel C), 
B-Splines with l 5 0.05 (panel D).
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For nGTV, all methods but MIMvista exceeded 3 mm residual 
3D center of mass distance; the B-Splines algorithm remained 
anyhow below the maximum voxel size (3 mm) in terms  
of surface distance, as depicted in Figure 3. Log Domain 
Diffeomorphic Demons with sdiff 5 0.5 provided signifi-
cantly different results with respect to MIMvista, whereas all 
other methods were equivalent. Log Domain Diffeomorphic 
Demons residual errors as well as DSC mean volume overlap 
were not satisfactory, whereas both B-Splines regularizations 
and MIMvista DSC were consistently above 0.5. 

Discussion and Conclusion

In this work, we analyzed two different approaches, i.e. para-
metric and non-parametric, to deformable image registration 
to assess the need of regularization in HN patients. The related 
performance was analyzed on 10 HN patients at different reg-
ularization levels in terms of image similarity. The selected 
regularization levels were then evaluated on 20 HN patients in 
terms of nGTV, mandible and parotid glands similarity, quan-
tified by means of DSC, 3D center of mass distance and mean 
surface distance. We also compared the open-source para-
metric and non-parametric DIR implementations (B-Splines 
and Log Domain Diffeomorphic Demons) with a commercial 
software for clinical data analysis (MIMvista). 

Figures 1A and 1C, in which the trend of RMSE and NMI 
median values are presented as a function of varying regu-
larization parameters, show that for Log Domain Demons, 
no significant influence of fluid-like regularization (sfluid) 
exists on these statistical measures. The only effect was an 
increment of the computational costs (number of iterations) 
leading to hardly acceptable registration time for clinical 
application. The parameter sdiff demonstrated instead to have 
a potential impact on final registration results. In particular, 
the absence of any sort of regularization caused results insta-
bility, as depicted by the higher inter-quartile range in Figure 
1B and 1D, for sdiff , 0.5. However, too high regulariza-
tion causes an increase in median RMSE and a decrease in 
median NMI values (sdiff . 2.0), thus suggesting un upper 
limit for  sdiff. 

It is important to underline that the application of Log Domain 
Diffeomorphic Demons with sdiff 5 0.5 corresponds to a very 
small regularization, which may produce very similar results 
to non-regularized procedures. The contours suffer from the 
lower smoothing (Figure 4) much more than gray levels warp-
ing and their quantitative evaluation reflects the irregularities 
(Figure 3). Results demonstrated this hypothesis, underlining 
the significant difference between sdiff 5 0.5 and sdiff 5 1.5, 
despite the absence of a relevant difference after visual 
inspection of the images. As a general rule, when choosing the 
regularization parameter, the best trade-off between required 
accuracy and number of iterations should be investigated.  

However, for the Log Domain Diffeomorphic Demons, 
regularization parameters values sdiff 5 1.5 and sfluid 5 0.0 
provided the ideal results. Results obtained for B-Splines reg-
istration (Figure 2) suggest that a very low level of regulariza-
tion is enough to improve the registration outcomes. Too large 
l values, instead, hinder the understanding of small variations 
in patient anatomy. At increasing amount of regularization, 
in fact, the registration emphasizes a plastic behavior and 
finally tends to be rigid. The opportunity to reach comparable 
results in terms of RMSE and NMI for low level of regulariza-
tion contribution, suggests that the increasing computational 
cost at increasing regularization levels should be taken into 
account when choosing the optimal value. 

For B-Splines implementation, the absence of regulariza-
tion brings along less variability than imposing a too large l, 
because the latter may actually be a cause of divergence of the 
optimization algorithm. In fact, at each iteration, the update 
gets smaller due to the smoothing, causing the cost func-
tion to vary without reaching a satisfactory estimation of the 
deformation. On the other hand, the absence of smoothing can 
result into sharp discontinuities and/or small folding, which 
may cause a higher residual RMSE difference. According to 
our analysis, the best performing trade-off between amount 
of regularization and computational cost was obtained by 
setting l equal to 0.001, leading to results comparable with 
those obtained by the commercial software. 

Median and inter-quartile RMSE and NMI values calcu-
lated for the verification dataset are in agreement with those 
obtained during the testing phase at the best performing 
regularization levels, as their median and variability are in 
the same range of the first 10 patients, thus confirming that 
the regularization levels were reasonably tuned in the test-
ing phase. Given that nGTV volumes are much smaller than 
all other structures, mispositioning is more likely to occur 
than for larger structures. Mandible is considered a very 
good control structure, as its high contrast is generally a good 
landmark for intensity based registration. In this case, both 
B-Splines and Log Domain Demons registration algorithms 
outperformed MIMvista, whose parameters are very likely 
established as a trade-off between bony anatomy accuracy 
and soft tissue match. Such a behavior for MIMvista is com-
patible with a highly regularized DIR algorithm, where the 
matching of high contrast structures can be penalized in favor 
of a regular vector field.

Our results show that open source DIR algorithms, with 
appropriate selection of regularization parameters, are able 
to achieve optimal results in HN patients, if compared to a 
commercial software package approved for clinical use. 
No appreciable differences were highlighted for soft tissue 
structures, whereas the tuning of regularization parameters 
provides adequate means to balance between bony anatomy 
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and soft tissue matching. As for Demons implementation, we 
proved that insufficient regularization has a significant impact 
on the overall DIR accuracy. Patient-specific regularization 
parameters optimization, as a function of the specific struc-
tures which are more relevant to be monitored at each treat-
ment fraction, represents an essential feature for the finest 
optimization of DIR procedure in a clinical workflow. The 
price to be paid consists of an initial fine tuning of the regular-
ization parameters, which may be performed during the first 
five weeks of treatment, which were identified as the period 
without significant changes over baseline in HN cancer treat-
ment (31). The fine optimization process could benefit from 
the generation and application of synthetic deformation fields, 
simulating the most likely changes of the specific patient along 
the course of the treatment. Such a strategy may represent a 
promising way to realize adaptive radiotherapy in a computa-
tionally efficient, customizable and versatile approach.
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