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Abstract. A priori subject-specific physiological motion modeling combined 
with effective in situ sensing is important for accurate prediction of respiratory 
induced tissue deformation encountered in image-guided surgery and 
interventional procedures. To address the measurement uncertainty of limited 
external monitoring surrogates, an array of surface sensors that permits cross 
modality continuous sensing is used to accurately capture respiratory patterns. 
To maximize the information content whilst minimizing the number of sensors 
involved, optimal sensor placement is required for predictive motion modeling. 
A hybrid genetic algorithm (HGA) is proposed to provide a fast, accurate and 
subject-specific search for identifying optimal feature subsets and sensor 
locations. The experimental results on ten subjects for estimating respiratory 
induced cardiac deformation demonstrate the practical value of the proposed 
technique. Random repeatability tests also indicate that the proposed global 
search method is less sensitive to initial settings, as compared to the standard 
approaches. The proposed technique uses adaptive local improvement for fine-
tuning near local optimum points with proper population generation and it 
achieves a near six-fold increase in computational efficiency while at the same 
time reducing the average prediction error by about 10%. 

1   Introduction 

The accurate characterization of and the compensation for complex visceral tissue 
motion due to respiration is important for computer aided surgery and interventional 
procedures. To this end, the use of a priori motion modeling coupled with low-
dimensional subject-specific information that is amenable for real-time acquisition has 
gained considerable interest in recent years. For example, in gated radiosurgery 
procedures, the tumor position can be derived directly by implanted fiducial markers 
[1] or indirectly by external surrogate measures [2] to better target the volume of 
interest. However, the use of modality specific fiducial markers interleaved with 
imaging lacks general applicability. For this reason, the use of more flexible and safer 
sensing methods with external physiologic monitoring devices, e.g., through the 
measurement of chest motion or airflow, to infer respiratory-induced visceral structure 
deformation [3-6] has become a popular alternative.  

Due to the uncertainties of limited point measurements such as those from the 
traditional chest bellows for respiratory monitoring, it is necessary to use an array of 



sensors for more accurate results. Fig. 1 is an example of such sensor arrays that can 
be used in practice. The use of these surface sensors is faced with two challenges. The 
first is that the sensed signals can be strongly coupled with each other but poorly 
correlated with respiratory organ deformation, which makes direct regression-based 
causality models difficult. The second challenge is the determination of optimal sensor 
placement for minimizing the sensor channels used whilst maintaining the overall 
prediction accuracy and sensitivity. To address the first problem, the use of Partial 
Least Squares Regression (PLSR) has been proposed to extract intrinsic patterns of 
surface deformation in relation to respiratory induced 3D organ deformation [6]. 
Current studies have also shown that in order to achieve the best prediction result, it is 
essential to select the most significant sensors that provide the maximum information 
content and sensitivity for the organ motion to be predicted. To address the multi-
collinearity and redundancy among the sensed signals, a preliminary study on optimal 
sensor placement has been performed in [7] by sequential searching procedures and 
their floating extensions.  
 

 

Fig. 1. A schematic illustration of a sensor array for the prediction of respiratory induced tissue 
motion. Not all sensors give useful information for model prediction and optimal sensor 
selection is required to determine subject-specific sensor placement (as highlighted). 

For large sensor arrays, sequential sensor selection techniques are not practical for 
in situ application as the model space becomes too large and complex with a 
prohibitive computational cost. The purpose of this paper is to develop a fast and 
accurate global search method for optimal sensor selection that permits adaptive, 
online, in situ application. To this end, a hybrid genetic algorithm (HGA) with 
adaptive local improvement for fine-tuning near local optimum points is proposed 
with proper population generation to find the most relevant feature subsets. The 
proposed method achieves a near six-fold increase in computational efficiency while 
at the same time reducing the average prediction error of organ displacement by about 
10%. The experimental results on ten subjects for estimating respiratory induced 

(a) End-expiration (b) Mid-inspiration (c) End-inspiration 



cardiac deformation demonstrate the practical value of the proposed technique. 
Random repeatability tests also indicate that the proposed global search method is less 
sensitive to initial settings, as compared to the standard approaches.  

2   Method  

The basic concept of predictive motion modeling is provided by Ablitt et al [6]. Under 
this framework, an image-guided therapy or intra-operative intervention procedure is 
preceded by a series of 3D scans with simultaneous sensing such that the causal 
relationship between real-time sensed signals (e.g., chest surface deformation) and 3D 
organ deformation (e.g., respiratory induced cardiac deformation) is established. The 
established predictive motion model can then be used for predicting 3D internal organ 
deformation during intervention by using the surface sensing signals alone. Under this 
framework, the input for the predictive motion model is the low dimensional sensing 
signal �� � � � �

� �� = with � observations corresponding to� motion phases. Each 
observation �� , expressed as a row vector, is the sampled sensing signals 
from� sensors. The organ deformation due to motion phrase�� , which is the output 
of the predictive motion model, is characterized by the movement of labeled points 
obtained from the ground truth data. This can be achieved either through free-form 
image registration or from labeled fiducial markers. The predictive function denoted 
as� �� 	 × can be any linear or nonlinear prediction technique.  

In order to perform feature selection by taking into account the relationship 
between features, three approaches, i.e., complete, heuristic and randomized searches, 
can be used. Complete search over all possible feature subsets amounts to a 
combinatorial problem, which is not feasible computationally even for moderate 
feature sizes. The heuristic search strategies, including sequential selection, backward 
elimination and hill-climbing, on the other hand, cannot cope with increasingly 
complex patterns of multi-collinearity. They are easily entrapped in local minima and 
may fail to provide an adequate representation of the model. Genetic algorithm (GA) 
is a randomized population-based heuristic search technique that mimics natural 
evolution based on survival of the fittest. GA searches, under certain conditions, are 
able to avoid local minima and explore a wide range of the search space by means of 
crossover and mutation operations. However, a simple GA has limitations of 
premature convergence and poor adaptability near local optimum points. To improve 
the fine-tuning capacity of original GAs, hybrid GAs with enhanced local search 
operations have been developed [8, 9]. 

In the regression prediction framework of this study, we propose a fast, hybrid 
genetic algorithm with proper population generation and local improvement procedure 
for optimal sensor selection. The implementation of the hybrid genetic algorithm for 
feature selection includes the encoding of chromosomes, fitness evaluation function, 
and chromosome selection for next generation. It also requires crossover and mutation 
genetic operations, local searching operations, and stopping criterion. Each 
chromosome � 
 � 
 ��� � �

� �� �
� in the population which is encoded by a binary 

digit series represents a candidate feature (sensor) subset with each digit (or gene) 



corresponding to a feature, where 1 means being “selected” and 0 being “unselected”, 
so the gene length of a chromosome is equal to the total number of input features. For 
a chromosome �� representing a feature subset, the predicted organ deformation is 

�� ���� 	� ��= Ä  (1) 

where the operation� ��Ä denotes the columns in� with the corresponding entries 
in �� equal to 1 are chosen for prediction, and the root mean square prediction error 

���	 of �� � compared to� is used as the fitness criteria for selecting the feature 
subset, where a small value represents a good motion prediction result.  

For the chromosome selection for the reproduction, the evaluation of each 
chromosome on the basis of fitness in current population
 is performed first 


��� 	 � � �� �
 ��	 � 
= Î , (2) 

and then the �� fittest chromosomes 

����
����	� 	��� �
 �=  (3) 

are chosen as candidate parents���
 for the next generation to ensure that fitter 
chromosomes have a higher probability of survival and to guarantee fast convergence.  

For local improvement, we use a strategy which is similar to that of [8, 9], but 
operated on the selected fittest parents���
 to accelerate the genetic evolution. For each 
chromosome, a neighborhood with each digit flipped (one at a time) is defined and 
this chromosome will be replaced with the fittest one in its neighborhood. Therefore, 
for the� features available, the size of the neighborhood for each chromosome is� . 
Usually, in order to ensure the exploration in a wider space to achieve the global 
optimum, the value of �� can not be too small. Therefore, instead of the local 
improvement operation on all the candidate parents, the tuning procedure is only 
performed on the 
� ( 
 �� �� ) fittest chromosomes to speed up the convergence. 

For the crossover operations, we choose random crossovers to explore a wider 
model space and cope with the high multi-collineartiy among features. First, a random 
number within � 	
�� is generated for each gene and if the random number is less than a 
probability value �� , this gene is chosen for crossover. All determined genes are 
interchanged between two parents, thus resulting in two offspring for the new 
population. For the mutation reproduction, the genes to be flipped are decided in the 
same way but with the probability�� . �� being in the range of � 	
�
�� 
�� . The new 
population will be composed of the locally improved�� fittest chromosomes and the 
offspring generated from them by the operation of crossover and mutation. The 
iteration is stopped when the difference between the RMS prediction errors from the 
fittest chromosomes of the current and the previous iterations is under a tolerance 
level. 



3   Validation 

For the performance assessment of the proposed optimal sensor selection method, we 
use the spatial-temporal data of [7], but with 512 surface traces uniformly extracted on 
the chest wall instead. The ten normal subjects underwent MR imaging on a Siemens 
Sonata 1.5T MR scanner. A segmented 3D TrueFISP sequence was used to acquire 
short-axis image volumes in free breathing with navigator-echoes and over-sampling. 
The 3D stacks comprised of 14 short axis slices from the valve plane to the apex 
throughout the full respiratory range are reconstructed retrospectively from the 
respiratory-gating acquisition. The imaging parameters used include an RF flip angle 
of 65°, in plane matrix size of 256´ 102, pixel size of 1.56mḿ2.70mḿ 8.78mm, and 
FOV of 400mḿ 275mḿ 123mm. The underlying spatio-temporal deformation fields 
of the heart are recovered by free-form registration from each volume to the end-
expiration volume. The intrinsic relationships between tissue deformation and real-
time measurable signals associated with different phases of respiratory motion are 
then extracted through PLSR. The sequential forward search (SFS), simple GA, and 
the proposed HGA methods are performed to determine the optimal sensor placement 
with detailed comparison of their associated prediction errors and computational 
efficiency.  

4   Results 

In this study, all the feature selection algorithms are implemented in Matlab and the 
experimental results obtained by the SFS, simple GA and the proposed HGA methods 
on the ten subjects are compared. For SFS, all the nesting operations for the 512 traces 
are performed and the optimal sensors are chosen corresponding to the minimum 
RMS error for meaningful comparisons. For the proposed HGA, the following 
parameters are used in our experiments. The initial population size is set to be 500 to 
ensure the initial �� fittest chromosomes are closer to the optimal solution. The 
number of the chosen candidate parents�� after each iteration step and the number of 
fittest chromosomes for local improvement 
� are set to be 40 and 10 respectively. 
The crossover probability �� and the mutation rate�� are set to be 0.5 and 0.05 
respectively. For the simple GA, the initial population selection, the new population 
generation, and the stopping condition follow the same rules as the proposed HGA but 
without the local improvement step. 

Fig. 2 and Fig. 3 illustrate a mid-ventricular slice and a 3D error representation at 
different respiratory positions for one of the subject studied. The intensity difference 
and 3D distance measured across the epicardial surface highlight the amount of 
respiratory induced cardiac motion involved. After predictive deformation correction, 
the residual error is shown in Fig. 2 (e-f) and Fig. 3 (c-d), by using direct modeling 
and the proposed feature selection with HGA, respectively. In these two figures, we 
treat the off-line free-form registration results as the ground truth (shown in Fig. 2 (d) 
and Fig. 3 (b)). It is evident that both figures demonstrate the improved prediction 



performance by the proposed HGA feature selection procedure. After respiratory 
motion compensation from the optimal sensing signals, the maximum error across the 
epicardial surfaces could be reduced to 1.5mm, in contrast to the maximum error 
2.5mm without feature selection. 
 
 
 
 
 
 
 
 

 

Fig. 2. Predictive motion modeling results as demonstrated by the mid-ventricular slice for one 
of the subjects studied. (a-b) - the original data at end-expiration and end-inspiration, (c) - the 
intensity difference between (a) and (b), (d-f) - the residual error between the reference and 
warped volumes by using the displacement vectors obtained from free-from registration, the 
original PLSR predictive motion modeling, and the proposed method with optimal sensor 
selection with HGA, respectively.  

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. 3D representation of the respiratory induced cardiac motion during different phases of 
the respiratory cycle and the errors associated with different motion modeling techniques. (a) - 
without  motion compensation, (b) - with off-line free-form image registration, (c) - with 
predictive motion modeling using all surface traces, (d) - with predictive motion modeling 
using the selected optimal traces by the proposed feature selection method.  
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It is well known that for the population-based evolution method, the initialization 
settings influence the convergence of the algorithm. To provide a detailed 
performance evaluation of the repeatability of the proposed algorithm compared to the 
SFS and GA approaches, each population-based algorithm is performed six times with 
a randomly initialized population. The prediction accuracy from the optimal feature 
sets selected by each method and the corresponding execution time are summarized in 
Fig. 4. The experimental results also demonstrate the significance of the feature 
selection procedure in dealing with the multi-collinearity between sensor signals for 
achieving improved prediction performance. It is shown that although the GA method 
has a faster convergence speed, the repeatability of the algorithm is poor (Fig. 4 (d)). 
The performance of the simple GA is dependent on the initialized population and 
premature convergence is common. In contrast, the proposed HGA is relatively 
immune to initial settings and results are consistent for all subjects studied despite the 
considerable gain in computation speed (600% on average).  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 4. Performance evaluation of predictive errors for the SFS, GA and the proposed HGA 
algorithms for 3D respiratory induced cardiac motion modeling; (a) - the RMS prediction error 
from the obtained optimal sensors by these feature selection algorithms compared to the 
prediction results by using all the sensors; (b) - a comparison of the computational time of these 
methods to reach the optimal solution; (c) - the standard deviation of the RMS prediction error 
from the repeatability study; (d) - detailed prediction results of the six random tests on one of 
the subjects studied (Subject 2), highlighting the performance improvement of the proposed 
HGA. 
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5   Discussion and Conclusion 

The understanding and accurate modeling of respiratory induced visceral motion is 
essential for accurate diagnosis and image-guided intervention and therapy. In this 
paper, we have developed an efficient framework for optimal sensor selection and 
placement for predictive motion modeling based on surface sensor arrays. A hybrid 
GA global search algorithm with adaptive local tuning is proposed and its 
improvement in overall accuracy and robustness of the prediction model has been 
demonstrated. Comprehensive comparison of the proposed HGA with the traditional 
sequential forward search and the simple GA algorithms confirms that the proposed 
hybrid GA is computationally efficient, numerically accurate and is less sensitive to 
initial settings. These unique features are important for the practical application of 
predictive motion modeling techniques and the proposed framework provides an 
effective in situ subject-specific sensing strategy that can be used in a range of 
imaging and therapeutic environments.   
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