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Estimation of arm force direction during isometric muscle
contraction with fNIRS

Taiki Ishii, Shuichi Matsuzaki, and Yasuhiro Wada

Nagaoka University of Technology
1603-1 Kamitomioka-cho, Nagaoka-shi, Niigata, Japan

ishiit@stn.nagaokaut.ac.jp

Abstract. The directions of force exerted by the arm during isometric muscle contraction were estimated
by using 24-channel functional near infrared spectroscopy (fNIRS) on cortical hemodynamics. In an ex-
periment, subjects were required to perform isometric arm movements in four directions (Front: F, Right:
R, Back: B and Left: L from the subjects) with the right arm while keeping a certain joint angle during
the task period. Spatial and temporal feature selection were performed on the fNIRS signal to ascertain
the representation of the force directions. The results suggest that the FB-RL classification accuracy was
approximately 90%. Moreover the F-B and R-L classification accuracy was approximately 80%. The feature
selection improved accuracy by approximately 5-15%. These results indicated the possibility of representing
the force direction by using fNIRS signal.

Key words: force direction, fNIRS, SVM

1 Introduction

Measuring brain activity related to motor activity in an accurate way may be a good way to facilitate develop-
ment of applications in which people can control devices by using only their brain activity.

Near-infrared spectroscopy (NIRS) is a promising way of measuring neural activation. A functional NIRS
(fNIRS) system measures oxygenated hemoglobin (oxy-Hb) and deoxygenated hemoglobin (deoxy-Hb) concen-
trations in the blood flows of the brain’s surface layer, which may be associated with brain activity. fNIRS
is robust against electrical artifacts, unlike Electroencephalograms (EEG). It is thus advantage for measuring
brain activity while a subject is moving his or her body.

In the present study, SVM (Support Vector Machine) was used to classify the acquired brain activity informa-
tion. The SVM learning model performs a two-class pattern classification. It maximizes the margin that dictates
the threshold level with which to separate the input data linearly and gives high generalization capability to
the classifier. The method using SVM to classify the fNIRS signal during a finger tapping task was proposed in
refs. [1][2]. These reports indicated the possibility that SVM is an efficient means of pattern recognition for a
brain machine interface (BMI).

Our previous study [3] indicated possibility of accurately estimating the arm-force direction from a fNIRS
signal. The present study tried to determine an effective feature for estimating force direction. We measured
brain activity while subjects generated force for four horizontal directions by unimanual. To find out how brain
activity might be used to estimate the arm force direction, spatial and temporal feature selections were performed
on the acquired signal, and the effect of the selected features on the classification accuracy was evaluated.

2 Experiment

2.1 Experimental Task

This study was approved by the ethics board of Nagaoka University of Technology. Six right-handed subjects
(subject 1 and 3-7) and one left-handed subject (subject 2) participated in the experiments. All subjects per-
formed the task with their right arm. Informed consent was gotten from all subjects. The task involved isometric
muscle contraction in four directions with 15 N of force. The experimental setup is shown in Figure 1. The di-
rection of forward from the subject’s perspective is denoted as ’F’, right is denoted as ’R’, backward toward the
subject is ’B’, and left is ’L’. Subjects sat facing the display on a chair. Their upper body was strapped to the
chair by a belt. The vertical position of the arm was kept at shoulder level. Figure 2 shows the visual feedback
given to the subjects. The center small circle is a cursor that moves in response to inputs of the force sensor
signal. The cursor turns blue if the force is significantly smaller than 15 N. It turns yellow if the force is nearly
15 N, and it turns red if the force is more than 15 N. The feedback view was put on the central visual field to
prevent oculogyration. The distance between the subject’s eyes and the display was about 95 cm. The cursor
diameter was about 1.5 cm. The 15-N concentric circle diameter was about 25 cm.
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The subjects performed the experiment over the course of five days. One session consisted of four blocks with
five trials for each direction, namely, 20 trials in total. Two sessions (40 trials) were given each day. Datasets of
50 trials were obtained for each direction for each subject. The total number of trials for each subject was 200.
Each subject alternately rested (pre: 0-8 sec, post: 20-30 sec) and executed the task (8-20 sec). Because of the
delay in the response of the Hb value after muscle movement, the fNIRS signal was continuously measured for
10 sec after the task. To prevent inter-trial interference, a short break (about 30 sec) was given between trials,
and measurements started after the response of the Hb had stabilized.

Subject 7 performed the experiment for one day, and 10 trials worth of data for each direction were acquired
for this subject. The fNIRS probe positions were measured by using a 3D digitizer.
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Fig. 2 Visual force feedback
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Fig. 3 Probe positions on left hemisphere

2.2 Measurement System

The force generated by the right arm was measured by a six-axis force sensor (Nitta Corporation,1FS-67M25A25-
140). The sampling period was 5 ms. The fNIRS signals were measured with an fNIRS system (OMM-3000/8,
SHIMADZU CORPORATION). The fiber cap for the fNIRS measurements was worn on the left side of the
subject’s head. Channels 1-24 were located around C3 of the international 10-20 system (Fig. 3).

3 Analysis

This study focused on the direction of the force. All data sets for each subject were evaluated by making multiple
comparisons of the force values. Data sets that had significant differences from the average values were not used
in order to eliminate their effects on the force value.

3.1 Pre-processing fNIRS

The mean value during the rest before each trial was used as the baseline, and it was subtracted from the
original signal. To remove the influence of noise, a fourth-order Butterworth low-pass filter of 0.5 Hz was used.
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3.2 Support Vector Machine

Support vector machine (SVM) was used to estimate the direction of the force. The discriminant function is

f(x) = sgn

(
l∑

i=1

yiα
∗
i K(x,xi) + b∗

)
(1)

Here, xi are the training data sets, and yi are the desired outputs. K is the kernel function. α∗
i are defined

according to the following quadratic programming problem.

Maximize W (α) =
∑̀
i=1

αi −
1
2

∑̀
i,j=1

αiαjyiyjK(xi,xj)

subject to 0 ≤ αi ≤ C, i = 1, ..., ` ,
∑̀
i=1

αiyi = 0.

C is an appropriate positive penalty parameter. The threshold level b∗is given by

b∗ =
1
|I|

∑
i∈I

(
yi −

∑̀
j=1

yjα
∗
jK(xi,xj)

)
(2)

Here, I is the set of support vectors for 0 < α∗
i < C. We used sequential minimal optimization(SMO) to solve

this problem. The linear kernel function was

K(x1,x2) = xT
1 x2 (3)

Three different direction estimations were performed. 1. FB-class and RL-class classification. 2. F-class and B-
class classification. 3. L-class and R-class classification. The three classifiers were made for each classification. For
each classifier, the parameter C was varied in order to find the value giving the best classification performance.
The search range of C = 2n was −4 ≤ n ≤ −6 in 0.5 increments. In the investigation, step of the brain
activity estimation, all trials were permutated randomly. Five-fold cross validation was used to investigate the
classification performance of classifier. All data sets were divided into five equal parts. Four parts were used
for training; the remaining part was used for the investigation. The permutation and investigation step were
repeated eight times.
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3.3 Brain activity corresponding to fNIRS signal for force direction estimation

To find brain activity corresponding to the force direction, the oxy-Hb fNIRS signals were spatially or temporally
processed. The temporal fNIRS signal (from the beginning of task to the end of trial: 171 samples for each
channel) had 24 spatial channels. The data sets selected from the fNIRS signal were spatial (combinations of
channels) and temporal (using a time window function).

Forward stepwise selection (FSS) and backward stepwise selection (BSS) method were used to make the
spatial feature selection. FSS forms N models using only one channel and selects the best classifier from among
them. Next, one channel is put into the model, and N-1 models are formed. These steps are repeated until all
N channels are in the model and the best classifier is selected from all classifier models. In BSS, all N channels
are used for the model in the first step. After that one channel is removed from the model, N-1 models are
formed. These steps are repeated until only one channel is in the model and the best classifier is selected from
all classifier models.

Regarding the window function of the temporal feature selection, 18 window function models from 1 sec to
18 sec widths each were formed. The window was slid in 1-sec steps between 0-18 sec for each model.

3.4 NIRS-SPM Analysis

Spatial parametric mapping (SPM) is a parametrical analysis of functional brain images [4]. Ye et al. proposed
NIRS-SPM [5].

We compared the results of the spatial feature selection with NIRS-SPM results. The oxy-Hb fNIRS signals
of subject 7 were used to perform the NIRS-SPM analysis. After making a baseline correction, the signals were
coupled 10 trials for each direction . T-statistics were mapped to the standard brain. The hemodynamic response
function (HRF) was used as the regression model.

4 Results

The average classification accuracy is given by the following formula

1
8

8∑
i=1

5∑
n=1

classified rightly trial number in nth estimation
all trial number

× 100 (4)

Here, n is the index of 5-fold cross validation combination, and i is count index of cross validation repetition.
Table 1 lists the results of the classification accuracy . “No Selection Results” means results for which no feature
selection was performed. The input data were 1-24 channels of the fNIRS signal for 18 sec from the beginning
of the task. “Feature Selection Results” means the results of the best classifier model determined by the feature
selection. Classification accuracy was 75-95%. The feature selection improved accuracy by approximately 5-10%.
Figure 5 shows the effect of number of channel on classification accuracy. The models using approximately ten
channels tended to have high accuracy. The selected channels were not equal but their spatial distributions
were similar between subjects. This means the selected channels had useful information for estimating the
force direction. Our method found better classifier models even though its classification performance did not
monotonically increase or decrease depending on the number of channels. The most effective spatial channel is
shown in Fig. 6. Light colored areas contributed to classification accuracy for several subjects. In the FB-RL
classification that was meant to classify all FBRL data sets into FB and RL sets, the colored areas were the
primary motor cortex and primary somatosensory cortex. In the F-B classification that was meant to classify
FB data sets into F and B sets, the colored areas were the primary motor cortex and supplementary motor
cortex. Moreover, in the R-L classification that was meant to classify RL data sets into R and L sets, the colored
areas were around the somatosensory cortex and supplementary motor cortex.

Figure 7 shows the NIRS-SPM results for subject 7. Light colors mean significant areas. The significant
areas tended to be the primary cortex and primary somatosensory cortex. These results coincided with Fig. 6.
The results of the NIRS-SPM analysis were obtained using data from a different subject during force direction
estimation stage. Although these results are not strictly comparable, they indicate that NIRS-SPM may be
useful for identifying an effective area for the estimation.

Figure 8 shows the results of the temporal feature selection. The color of the bar corresponds to the clas-
sification accuracy, a light color means high accuracy. The “window size” axis means the width of the window
function and the ”time” axis means the starting time of the window function. Window widths of 10 sec or 18
sec (the maximum period) were effective. Moreover, the middle or last parts of the task period seem to convey
efficient information for estimation.
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Table 1 Classification Accuracy

No Selection Results Feature Selection Results
Subject FB-RL F-B R-L FB-RL F-B R-L

1 88.21％ 58.83％ 85.67％ 94.05％ 70.17％ 94.33％
2 85.65％ 63.88％ 55.93％ 92.61％ 86.04％ 76.43％
3 94.07％ 61.18％ 69.23％ 95.25％ 75.78％ 73.25％
4 91.00％ 68.63％ 62.13％ 97.09％ 76.62％ 88.16％
5 76.95％ 52.70％ 68.92％ 84.08％ 73.70％ 79.22％
6 83.81％ 63.25％ 75.38％ 90.56％ 78.00％ 82.75％

Average 86.62％ 61.41％ 69.54％ 92.27％ 76.72％ 82.36％
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5 Conclusion

The fNIRS signal measured while the subject generated a force of 15 N in four directions by isometric muscle
contraction. We evaluated temporal and spatial changes in the force direction by using SVM on fNIRS signals.
Spatial the temporal feature selections improved classification accuracy. two-directions (FB-RL) classification
accuracy was approximately 90% on average. Moreover, F-B and R-L classification accuracies were approxi-
mately 80% on average. These results indicated the possibility of force direction representation using fNIRS
signals and may contribute to the development of brain activity analysis. The current classification accuracy
is still not good enough for controlling devices, i.e., for using fNIRS signals in a BMI. However, the results do
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Fig. 8 Classification results of temporal feature selection. [A]: FB-RL classification. [B]: F-B classification. [C]: R-L
classification.

suggest the possibility of making a classifier capable of generalization. Our next step in this research will be to
improve the classifier or to develop a way to select features by using a statistical method like NIRS-SPM.
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Abstract. Stochastic, iterative search methods such as Evolutionary Algorithms (EAs) require evaluation of the 

candidates which may be prohibitively expensive in many real world optimization problems. Use of meta-models or 

surrogates is being experimented to reduce the number of such evaluations. In this paper we investigated two such 

methods. The first method (DAFHEA) partially replaces expensive function evaluation by its approximate model. 

The approximation is realized with a support vector machine (SVM) regression model. The second one uses surrogate 

ranking with preference learning or ordinal regression. The fitness of the candidates is estimated by modeling their 

rank. Some of the classical numerical optimization functions have been used to test the techniques. The comparative 

benefits and shortcomings of both techniques have been identified. 

Keywords: Evolutionary Algorithm, Preference Learning, Surrogate Modeling, Surrogate Ranking. 

1   Introduction 

Evolutionary Algorithms (EAs) are biologically inspired iterative processes where a population of candidate solutions is 

evolved generation after generation. In a typical EA a number of new offspring candidate solutions are produced 

through reproduction, recombination and mutation. Individuals for producing offspring are chosen using a selection 

strategy after evaluating the fitness value of each individual in the selection pool.  In many real world optimization 

problems this fitness evaluation can be very expensive. Use of surrogates to reduce the expensive function evaluation 

are found order of magnitude cheaper computationally [19, 7, and 16]. Incorporation of approximate models may be 

one of the most promising approaches to realistically use EA to solve complex real life problems, especially where: (i). 

Fitness computation is highly time-consuming, (ii). Explicit model for fitness computation is absent, (iii). Environment 

of the evolutionary algorithm is noisy etc. However, considering the obvious risk involved in such approach, an EA 

with efficient control strategy for the approximate model and robust performance is welcome 

There are different ways in which a surrogate or approximation model can be incorporated in an EA [13]. Some of 

which are as follows: 

Problem level approximation. In this approach, the statement of the problem itself is replaced by a reduced one that is 

easier to solve. See [13] for some examples on this. 

Functional approximation. As the name suggests, in this approach, an alternate and explicit expression is constructed 

for the objective function, for the purpose of reducing the cost of evaluation. A set of evaluated points are used to build 

the approximate fitness model. This model is used to predict the fitness of candidate solutions. Usually a fraction of 

individuals in the population are selected and evaluated within each generation or over a number of generations to 

generate training points and are added to the training set to update the surrogates to maintain a reliable surrogate during 

evolution. See [11, 12, and 13] for examples on this technique. 

EA specific approximation. This approach is specific for evolutionary algorithms and utilizes the algorithm’s structural 

and functional aspects. 

For a detailed review on use of approximation in EA, see [13].In this paper we investigate two very different 

methods which use surrogates to reduce the number of actual function evaluations in EA. 

In the first one, namely, Dynamic Approximate Fitness based Hybrid Evolutionary Algorithm (DAFHEA), 

Bhattacharya et. al [2, 3] use both “functional approximation” and “EA specific approximation”. It uses an 

approximation model to partially replace expensive fitness evaluation in evolutionary algorithm. DAFHEA uses an 

explicit control strategy (a cluster-based on-line learning technique) to improve reliability of using such approximate 

models to reduce expensive function evaluations. Also the approximate knowledge thus generated is exploited to avoid 

premature convergence (one of the major impediments of using evolutionary algorithm to solve complex real life 

optimization problems). 

In the second method, Runersson [20] makes use of the EA feature that unlike classical optimization techniques, in 

rank based selection, selection of the best candidates requires only the rank or partial rank of the candidates. Here, the 

fitness of individuals is indirectly estimated by modeling their rank using surrogate. Preference learning or ordinal 

regression is used to implement a kernel-defined feature space. 
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The features and effectiveness of the above two surrogate based methods have been investigated in this work. The 

above two methods have been selected for comparison as they are based on very different concepts and may reveal 

important characteristics which may be useful for specific problem cases. 

Rest of the paper is organized as follows. Section 2 presents a brief review on use of surrogates in evolutionary 

computing. Section 3 outlines the features of the two surrogate based EA methods which we have investigated in this 

work. Section 4 presents the experiment details and discussions on the findings. Finally, concluding remarks are 

summarized in Section 5. 

2 Surrogate based Evolutionary Algorithm 

The use of approximate model to speed up optimization dates all the way back to the sixties [6]. The most widely used 

models being Response Surface Methodology [15], Krieging models [21] and artificial neural network models [4]. As 

has been mentioned in Section 1, the concept of using approximate model varies in levels of approximation (Problem 

approximation, Functional approximation, and Evolutionary approximation), model incorporation mechanism and 

model management techniques [13]. 

In the multidisciplinary optimization (MDO) community, primarily response surface analysis and polynomial fitting 

techniques are used to build the approximate models [9, 25]. These models work well when single point traditional 

gradient-based optimization methods are used. However, they are not well suited for high dimensional multimodal 

problems as they generally carry out approximation using simple quadratic models. 

In another approach, multilevel search strategies are developed using special relationship between the approximate and 

the actual model. An interesting class of such models focuses on having many islands using low accuracy/cheap 

evaluation models with small number of finite elements that progressively propagate individuals to fewer islands using 

more accurate/expensive evaluations [27]. As is observed in [13], this approach may suffer from lower 

complexity/cheap islands having false optima whose fitness values are higher than those in the higher 

complexity/expensive islands. Rasheed et al. in [17, 18], uses a method of maintaining a large sample of points divided 

into clusters. Least square quadratic approximations are periodically formed of the entire sample as well as the big 

clusters. Problem of unevaluable points was taken into account as a design aspect. However, it is only logical to accept 

that true evaluation should be used along with approximation for reliable results in most practical situations. Another 

approach using population clustering is that of fitness imitation [13]. Here, the population is clustered into several 

groups and true evaluation is done only for the cluster representative [14]. The fitness value of other members of the 

same cluster is estimated by a distance measure. The method may be too simplistic to be reliable, where the population 

landscape is a complex, multimodal one. 

Jin et al. in [11, 12] analyzed the convergence property of approximate fitness based evolutionary algorithm. It has 

been observed that incorrect convergence can occur due to false optima introduced by approximate model. Two 

controlled evolution strategies have been introduced. In this approach, new solutions (offspring) can be (pre)-evaluated 

by the model. The (pre)-evaluation can be used to indicate promising solutions. It is not clear however, how to decide 

on the optimal fraction of the new individuals for which true evaluation should be done [1]. In an alternative approach, 

the optimum is first searched on the model. The obtained optimum is then evaluated on the objective function and 

added to the training data of the model [19, 24, and 1]. Yet another approach as proposed in [12], a regularization 

technique is used to eliminate false minima. 

3 The Investigated Methods 

The main features of the two techniques investigated in this work, DAFHEA and the preference learning based EA are 

outlined below. 

3.1 The DAFHEA Technique 

The primary objectives of the proposed algorithm and their realization are as below. 

1. The main objective of DAFHEA is to reduce the number of actual fitness function evaluations to speed up 

the search process. The proposed algorithm achieves this by partially replacing actual function evaluation (as 

is required in traditional genetic algorithm) by SVM based estimation. The DAFHEA framework includes a 

global model of genetic algorithm (GA), hybridized with support vector machine (SVM) [26] as the 

approximation tool. 

2. The related major objective is to minimize the adverse effect of estimation. To this end explicit control 

strategies are used for evolution control, leading to considerable speedup without compromising heavily on 

solution accuracy. 

The controlled use of estimation is the primary reason why the proposed algorithm should be successful in reducing 

actual fitness function evaluation without heavily compromising on solution accuracy. The basic algorithm is as below. 
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Step One: Create a random population of cN  individuals, where, ac NN *5  and aN actual initial population 

size. 

Step Two: Evaluate cN  individual using actual expensive function evaluation. Build the SVM approximate model 

using normalized expensive function evaluation values as training set for off-line training. (Use of normalized values in 

the training set appears to improve performance of meta-model, reducing effects of unnaturally high or low values). 

SVM hyper-parameters are initially tuned based on this training set. 

Step Three: Select aN  best individual out of cN  evaluated individuals to form the initial GA population. 

Remarks: The idea behind using five times the actual EA population size (as explained in Step One) is to make the 

approximation model sufficiently representative at least initially. Since initial EA population is formed with aN best 

individuals out of these cN individuals, with high recombination and low mutation rates, the EA population in first few 

generations is unlikely to drift much from its initial locality. Thus it is expected that large number of samples used in 

building the approximation model will facilitate better performance at this stage. Also using the higher fitness 

individuals, chosen out of a larger set should give an initial boost to the evolutionary process. 

Step Four: Select parents using suitable selection operator and apply genetic operators namely recombination and 

mutation to create new generation. 

Step Five: Use SVM approximation model to compute fitness of new generation individuals based on approximate 

evaluation. Form m  distance-based (considering spatial distribution of individuals) clusters in the new population 

space. If for some n  clusters, the standard deviation  Predefined Threshold, rearrange solution space into nm  

clusters. Compute a merit function )(xfm  as below: 

ij
d

i
x

a
fx

m
f

21
)()(  is3  (1) 

where,  )(xf a is the predicted fitness function value. i is standard deviation (in terms of objective value) for the 

thi cluster and ijd  is the normalized minimum Euclidean distance of 
thj  point of 

thi  cluster from the all truly 

evaluated points so far [20]. is is the sparseness of the 
thi cluster. 1 , 2  and 3  are scaling factors for i , ijd  and 

is respectively. 

individualofDimension

iclusterinsindividualfoNo
si   (2) 

Step Six: Dynamically update the approximate model as below: 

Identify the cluster containing the optimum based on approximation. 

Perform expensive evaluation for the approximate optimum and its k nearest neighbors. Also perform expensive 

evaluation for the centroid of all other data clusters and their k nearest neighbors. Expand neighborhood for true 

evaluation until a point is found in each space dimension such that % error  Predefined threshold. Here, 

100



it

ipit

a

aa
 (3) 

where, ita =True value of the 
thi neighbor and ipa =Predicted value of the 

thi neighbor and max ki  . 

Add the newly evaluated points to approximate model training set to update model. 

Step Seven: When termination/evolution control criteria are not met, repeat Step Four to Step Seven. 
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Remarks: It must be noted, the optimum is considered based on the original predicted value )(xf a . For all other 

purposes fitness based on the merit function )(xfm  is considered. Periodic parameter tuning of the SVM 

approximation model was incorporated, though no specific criterion was used. 

Further details on the above method can be found in [2, 3]. 

3.2 The Preference Learning Based EA 

The second method is directly based on preference learning or ordinal regression based technique proposed by 

Runersson in [20] with the variation that we have used a genetic algorithm implementation instead of CMA-ES. This 

method is based on the assumption that in a stochastic and direct search method such as EA, ordinal regression should 

be able to offer adequate surrogates as only full or even partial ranking of the individuals or search points is sufficient 

for the selection process. Accordingly, the surrogate approach is considered as a preference learning task, where a 

candidate point ix  is preferred over jx  if ix  has a higher fitness than jx  . The training set for the surrogate model is thus 

composed of pairs of points  
kji xx ,  and a corresponding label  1,1 kr  , taking the value +1 or -1 depending on whether 

ix  has a higher fitness than jx  or vice versa. 

The technique used for preferential learning or ordinal regression is kernel based.  See [Runersson] for details on the 

method of ordinal regression using kernel defined features. 

Model selection in surrogate ranking involves appropriately choosing a suitable kernel and its parameters as well as 

the regulation parameter C  which controls the balance between model complexity and training errors.  Choice of a 

suitable kernel is problem specific. 

As the search progresses, different regions of the search space are sampled and the original surrogate ranking model 

may be insufficiently accurate for new regions of the search space. It is therefore extremely important to update the 

surrogate during evolution. We have followed the surrogate update method suggested by Runersson in [20]. The 

strategy involves estimating the ranking of a population of points using the current surrogate and identifying the highest 

ranking point. The point is then evaluated using the true fitness function and its rank is calculated. Accuracy of the 

surrogate is evaluated by comparing the estimated rank with the true rank. The point evaluated with true fitness function 

is added to the training set. 

4 Experiments 

4.1 Experiment Details for DAFHEA 

It may be noted that the target problem domain for our proposed algorithm involves time consuming actual fitness 

function evaluation. This property or characteristic of the fitness function is external to the EA process. Hence, to verify 

DAFHEA’s effectiveness, it is sufficient to verify if DAFHEA can effectively reduce the number of actual function 

evaluations without compromising on accuracy for any set of standard test functions. Considering this, the performance 

of the proposed algorithm has been tested on three classical benchmark test functions: namely, Spherical, Rosenbrock, 

and Rastrigin. Description of the test functions are as given in [3]. These benchmark functions in the test suit are 

scalable and are commonly used to assess the performance of optimization algorithms [28]. For all three functions 

except Rosenbrock the global minimum is   0xf  at  0
n

ix . Rosenbrock has a global minimum of 

  0xf at  1
n

ix . 

All simulations were carried out using the following assumptions: The population size of n10 was used for all the 

simulations, where n  is the number of variables for the problem; for comparison purposes three sets of input 

dimensions are considered; namely, n 5, 10 and 20. For all three cases, tenfold validation was done with the number 

of generations being 1000; the SVM regression models [8] were trained with five times the real GA population size 

initially. 

All the simulation processes were executed using a Pentium
® 

4, 2.4GHz CPU processor for both DAFHEA and the 

Preference Learning based EA. 

4.2 Experiment Details for Performance Learning Based EA 

Following Runersson’s [20] method a 2-norm soft margin support vector machine (SVM) has been used and the 

technique has been implemented using a classical genetic algorithm. As mentioned earlier, choice of appropriate kernel 
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is an important factor in the performance learning based EA. Runersson [20] has tried ordinal regression with different 

kernels and concluded that 4
th

 order polynomial kernel produces the best results for the Rosenbrock’s function. For the 

sake of fair comparison we have used the same kernel for this test function. For the Spherical function, the 2
nd

 order 

polynomial kernel performed best. Gaussian distribution with variance 0.1
2 
has been used for the Rastrigin’s function. 

Training points have been generated using a standard normal distribution centered about the origins (global minima) 

of the respective test functions. 1000 testing points were generated in the same manner. Using 60 randomly sampled 

training points the surrogate model has been estimated by ordinal regression. The regulation parameter  C
 
has been 

chosen as 1E6. 

As the search zooms in on a local minimum, the search will benefit from use of different kernel [20]. As suggested 

by Runersson in [20] a Gaussian distribution with variance 0.1
2 

was used in case of the Rosenbrock’s and the Spherical 

functions in similar situations.  

The surrogate has been validated and updated as explained in Section 3.2, every second generation. 

4.3 Results and Discussions 

Performances of the two investigated methods on Spherical, Rosenbrock’s and Rastrigin’s functions with n  5, 10 

and 20 have been demonstrated in Table 1. 

As can be observed from these results, Preference Learning based EA seems to have an advantage on “number of 

true function evaluation” over that in case of DAFHEA. However, its performance in terms of “mean fitness” is just not 

comparable to that of DAFHEA in all nine test cases. Both methods found the classical Spherical function easier to 

tackle as compared to the Rosenbrock’s and the Rastrigin’s functions. In general, both models gained on performance 

with increase in training set size. 

As can be anticipated, performances of both functions deteriorated with increase in problem dimensions. However, 

this deterioration is much higher in case of the Preference Learning based EA, where the results are practically unusable 

except in case of Spherical function. Increase in the number of true function evaluations does not seem to improve the 

situation. 

Table 1.  Performances of the DAFHEA technique (M1) and the Preference Learning based EA (M2) as implemented on 

Rosenbrock’s, Spherical and Rastrigin’s functions with n  5, 10 and 20. Performance measures have been expressed as the “Mean 

Fitness” and the “Number of Actual Function Evaluations”. 

Function Mean Fitness  

(M1) 

Mean Fitness (M2) No of Function 

Evaluations (M1) 

No of Function 

Evaluations 

(M2) 

Rosenbrock(5) 1.789E-41 1.1103E-0.7 7015 1200 

Rosenbrock(10) 1.991E-39 1.0005 6990 4000 

Rosenbrock(20)  2.313E-36 2.1108 21170 17000 

Spherical(5)  1.138E-60 1.0102E-6 21210 375 

Spherical(10) 1.152E-58 1.0081E-7.5 77520 1200 

Spherical(20) 1.58E-55 1.0125E-7.5 110420 2750 

Rastrigin(5) 3.285E-5 1.1901E-0.8 4550 1700 

Rastrigin(10) 3.089E-3 0.9899 7175 5000 

Rastrigin(20) 1.324E-1 3.0011 28010 15000 

     

 

Some of the other general observations are as below: 

Both the above techniques are applicable to the situations where no explicit or computable fitness function is 

available. However, the concept of using preference learning based surrogate ranking may show more flexibility in such 

scenarios. 

In the Preference Learning based EA, surrogate ranking has been realized using kernel based ordinal regression. That 

means the method is easily adaptable to any data types as long as a suitable kernel can be defined for the specific 

problem at hand. However, this is both an advantage and a disadvantage as this means, sufficient knowledge of the 

characteristics of the problem is required which may be difficult in real world scenarios. 

The preference learning based EA benefits from selection of different kernel while the search zooms in on a local 

minimum. However, this switch may impose some additional computational as well as decisional overhead. 

Surrogate ranking with RBF kernel tended to suffer from overfitting and get stuck in local minima. Second order 

polynomial performed better in case of higher order Rosenbrock’s function. 

The major drawback of the preference learning based surrogate ranking seems to be its inefficiency in handing 

higher dimensional problems, which is a common situation for most real world optimization problems. 
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5 Conclusion 

Use of surrogates may be the most realistic answer to problems an iterative, stochastic search process like EA faces 

while dealing with situations, where, true fitness computation is highly expensive, or explicit model for fitness 

computation is absent, or environment of the evolutionary algorithm is noisy and so on. In this research, we have 

investigated two surrogate based EA methods which aims at addressing some of these problems. While the first method, 

DAFHEA is based on “functional approximation” and “EA specific approximation” (see Section 1), the second method 

uses surrogate ranking by ordinal regression or preference learning. Experiment results have shown, while Preference 

Learning based EA has some cost advantage in terms of number of true function evaluations, DAFHEA clearly should 

be the choice where accuracy (mean fitness value) is of paramount importance. 
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Abstract. Liver biopsy remains the gold standard in monitoring progression of liver fibrosis which is associated with 

an abnormal increase in collagen, and descriptive scoring systems are still being used to grade biopsy samples. 

Several studies have built classification systems to automatically score liver fibrosis. However, all these systems have 

been established for stained samples or to measure only the collagen percentage. In this paper, an automated scoring 

system for liver fibrosis is designed for second harmonic generation images, which measures not only the collagen 

percentage but also quantifies morphological features of collagen fibers as well. The applicability of different 

collagen segmentation algorithms for liver fibrosis scoring is investigated. By proposing a Gaussian-mixture-model 

based method to quantify collagen percentage and using other morphological features of collagen fibers, high 

specificity and sensitivity of scoring, of early and late stage fibrosis are achieved with a neural network classifier. 

Keywords: Liver fibrosis, neural networks, image segmentation, AUC 

1 Introduction 

Liver fibrosis is a result of wound healing process which accumulates extracellular matrix (ECM) proteins such as 

collagen [1]. Liver biopsy remains the gold standard in monitoring fibrosis progression in which a small sample of 

tissue is removed with a needle, stained, examined under a microscope, and graded based on a descriptive or semi-

quantitative score by trained pathologists [2, 3]. However, besides the potential complications following biopsy, there 

are inherent drawbacks, such as sampling error, staining variations and inter- and intra-observer variability in the 

interpretation of the needle biopsy results [2-4]. With the developments in both mode-locked lasers and highly-sensitive 

optical sensors, non-linear optical microscopy such as second harmonic generation (SHG) becomes an affordable option 

for tissue imaging [5]. Comparing to the conventional collagen imaging by transmitted light microscopy of histological 

tissue sections stained with Masson’s trichrome or picrosirius red, SHG is more specific for fibrillar collagens and does 

not need the samples to be stained that excludes variations in staining resulting from different batches of stains, 

protocols, time dependant fading, and photobleaching [6]. 

Using the features extracted from images, mainly the collagen percentage, several studies have reported to build 

image analysis systems to automatically quantify liver fibrosis so as to exclude observer discrepancies [7-13]. By 

applying quantitative measurements to classification tools such as neural network [11] or support vector machine, 

automated scoring can be achieved. However, either of these systems are established for stained samples [7-12] or only 

measure the collagen percentage [7-10, 13].  

In this paper, we have designed an automated liver fibrosis scoring system for SHG images, by measuring not only 

the collagen percentage but other morphological features of collagen fibers as well. We also investigate the applicability 

of different intensity-based collagen segmentation algorithms and their performance on quantifying fibrosis progression 

and scoring the liver samples.  

2 Method 

Fig. 1 illustrates the block diagram of the proposed automated liver fibrosis scoring system. First, the SHG image 

acquired from the microscope will be segmented into collagen area and non-collagen area. Next, each collagen fiber is 

traced and identified. Several morphological features of collagen fibers are quantified, which are used to train a back-

propagation neural network. Finally, the trained classifier can be used to automatically score a liver tissue image 

according to the fibrosis progression.    
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Fig. 1 Block diagram of the proposed liver fibrosis scoring system 

 

3 Collagen Segmentation 

A good collagen segmentation algorithm should be able to detect fine collagen fibers with low intensities. In order to 

retain these important structures of fine collagen fibers, four different segmentation algorithms based on pixel 

intensities were tested, namely Otsu thresholding, K-means clustering, Fuzzy-C-means clustering (FCM) and a method 

based on Gaussian mixture model (GMM).  

Global thresholding identifies the pixels as either foreground or background, based on a threshold which can be set 

manually or generated automatically by employing various criteria. Otsu method is a classic global threshold algorithm 

which aims to find the best threshold to minimize intra-class variance and maximize the between-class variance [14]. 

The K-means clustering is one of the most popular and iterative clustering methods for image classification [15, 16]. 

The Fuzzy-C-means clustering method works similar to K-means clustering while each pixel is assigned a degree of 

belongingness (membership) to clusters rather than strictly assigning to one cluster [17]. In this way Fuzzy C-means 

handles the uncertainty in the data.   

The Gaussian Mixture Model (GMM) method assumes that the distribution of intensities is a mixture of several 

Gaussian distributions, each corresponding to a separate tissue class. The expectation maximization (EM) algorithm is 

usually used to find the optimal parameters of the distributions and mixing coefficients [18]. In our application, it is 

assumed that the intensity of pixels in the SHG image can be modeled as the mixture of two Gaussian distributions, one 

representing collagen area with strong SHG signals and the other representing the background. 

Fig. 2 shows the segmentation results of a sample SHG image using four different methods.  

 

Fig. 2 Segmentation results using different algorithms. (a) Raw image, (b) Otsu method, (c) K-means clustering, (d) Fuzzy-C-

means clustering, and (e) Gaussian mixture modeling 

4 Feature Extraction 

First, SHG images are segmented into collagen and background. The features of the collagen are then extracted from 

the foreground image. The percentage of collagen is widely used as an important feature to score liver fibrosis. Four 

morphological features, namely, the number of fibers per mm
2
, average fiber length, cross-link density and average 

cross-link space of collagen are also used as features. The morphological features of collagen fibers were extracted 

using an algorithm described in [19].  

Let original SHG image, :f Q where 
2N denotes the image domain and [0, 4095]Q  . The SHG 

image is first segmented to separate collagen from the background. Let : {0,1}g  denotes the collagen image 

after segmentation where g( ) = 1x when pixel x is a collagen pixel, and g( ) = 0x otherwise. The set of 

collagen pixels is given by:  1 : ( ) 1,C x g x x   . 
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In order to generate features, the following distance transform d is computed for collagen 

pixels:

( ) 0

( ) min
y

g y

d x y x



  . It is essentially the closest distance to the background from a collagen pixel. For all 

background pixels, ( ) 0d x  .The neighbors of radius r  within pixel x are defined 

as ( ) { : ; }rN x y x y r y    .The cross-link points are defined as the global maximum points in a 

neighborhood: 
2

( )
{ : ( ) max { , ( )}, }

ry N x
C x d x d y x


    

where is a threshold parameter and 2C consists of global maximum points.  

Starting from these cross-link points x , fibers were traced through a set of local maxima points until the end of the 

fiber or another cross-link point was reached. With boundary points of the neighborhood of pixel 

x: ( ) { : ; }rB x z x z r z     , then local maxima points are defined as: 

 

3 2
( )

1

{ : ( ), ( ) max{ , ( )}, }
r

r
z B y
x z

C x x B y d x d z y C

 

     

where  is a threshold parameter and 3C consists of local maxima points.   

The skeleton of each fiber in the image was extracted by connecting cross-link points 2C  and local maxima 

points 3C . Then, number of fibers, average fiber length, cross-link density and average cross-link space were quantified. 

Cross-link density is defined as the ration between number of cross-link points and total fiber length in the image. 

Cross-link space is calculated as the average distance between two neighbor cross-link points from the same collagen 

fiber.  

5 Experimental Results 

5.1 Material 

All the liver tissue samples in this study were extracted from bile duct ligated rats. Bile duct ligation of rats will 

generate a wound in the liver and then lead to fibrosis. A total of 15 rats were ligated and sacrificed at intervals of 2, 4 

and 6 weeks (n = 5 per week). 5 control rats were also sacrificed at week 0.  A tissue slice with 50um thickness is 

sliced from each liver, and a total of 4 SHG images (4068 x 4095 pixels, ~ 4.1 x 4.1 mm) were scanned for each tissue 

slice.  

Another tissue specimen with 4um thickness is sliced from each liver, stained, imaged by light microscope, and 

scored by a pathologist. The score is then used as the ground-truth of fibrosis stage of each liver tissue to train and test 

the performance of the proposed scoring system. 

5.2 Statistical Analysis and Classification 

The receiver operating characteristic curve (ROC) was a plot of sensitivity versus specificity by changing the 

discrimination threshold of a classifier system. The area under the curve (AUC) was used to evaluating the performance 

of the classification system. In this study, we adopted the AUC calculation method from [20] which is a simple 

generalization of AUC for multiple class classification problems. The AUC measurement of each class against the rest 

classes reflects how well each class is separated from others. The overall AUC measurement of a system is calculated as 

the average of AUC measurements of each class, which reflects the overall performance of the classifier.  

A neural network was trained and tested with 10-fold cross-validation. In each cross-validation round, nine-tenth of 

the images were used as the training set while features extracted from these images were used to train the back-

propagation neural network, which consisted of an input layer, a hidden layer of 5 nodes and an output layer of 5 nodes. 

Each output node corresponds to one class among score from 0 to 4. After the neural network is trained, the features 

extracted from the remaining one-tenth of the images were fed into the network and each of these test images was 

assigned to a class based on the output of the network. Then, the true positive and false positive rates were calculated 

according to the classification results and the scores generated from the pathologist. The overall AUC and AUC of each 

class were then generated. By repeating the above procedures for 10 times and averaging the AUC measures, the 

measures are generated to evaluate the performance of the classifier.  

Parameters , and r , which are used for feature extraction, are set as 1.5, 0.2 and 5 in this study as suggested in 

[19].  

We first adopt the most widely used feature – collagen percentage as the only input feature for the neural network. 

The AUC measures of the classification results using different segmentation algorithms are shown in table 1.  
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Table 1. AUC for classifier using collagen percentage as the only feature 

Stage 0 1 2 3 4 Overall 

Otsu 0.76 0.37 0.63 0.60 0.70 0.61 

Kmeans 0.73 0.37 0.65 0.60 0.73 0.61 

FCM 0.73 0.45 0.65 0.58 0.74 0.63 

GMM 0.91 0.56 0.61 0.68 0.83 0.72 

 

As seen, GMM method achieves better segmentation than other techniques using the same features. Also, each class 

is better separated from the other classes with the use of GMM compared to other methods, especially for the Stage 0 

group, which is very valuable since the early detection of disease is always very important.  

We further studied whether morphological features of collagen fibers are meaningful to monitor the fibrosis 

progression by combining fibers per mm
2
, average fiber length, cross-link density and average cross-link space with 

collagen percentage to generate a new feature set for training using the same procedures to calculate AUC measures 

which are shown in Table 2.  

Table 2.  AUC for classifier using all five features 

Stage 0 1 2 3 4 Overall 

Otsu 0.89 0.69 0.66 0.76 0.84 0.77 

Kmeans 0.90 0.64 0.69 0.75 0.84 0.76 

FCM 0.92 0.65 0.69 0.75 0.81 0.76 

GMM 0.97 0.81 0.76 0.87 0.97 0.88 

 

The overall performance of the classifier using different segmentation methods are all improved by an average of 

16%. Moreover, the best performance of separating a class is achieved for early stage for all the segmentation methods, 

which reveals that these four morphological features are highly relevant to the early fibrosis detection. Among all, the 

classifier using the features from the GMM based method still achieves the better performance than the classifier using 

the features from other methods, which proves that it is important to retain fine collagen fibers for the segmentation 

algorithms.  

The support vector machine (SVM) based classifiers are also tested to compare the performance with neural network 

using all five features extracted with GMM segmentation method. Two common approaches for multiclass SVM are 

where each classifier distinguishes between one of the class to the other (one versus all) or between every pair of classes 

(one versus one) [21]. Polynomial kernel is used in this study for both multiclass SVMs. The procedures to calculate 

AUC for SVMs are same as those used for neural network which were described earlier. The results of AUC using 

different classifiers are shown in Table 3. All the classifiers achieve good performance for early and late stage fibrosis, 

while neural network based system has better discriminability for mid stage fibrosis than SVM based system.  

6 Conclusions 

In this paper, an automated scoring system for liver fibrosis diagnosis is proposed, by using not only the collagen 

percentage but other morphological features of collagen fibers. From the results, we can conclude that global 

thresholding method such as Otsu method and clustering methods such as K-means and Fuzzy-C-means using pixel 

intensity only are insufficient for collagen segmentation in SHG images. Comparing to these three methods, GMM 

method is able to detect fine collagen fibers which shows its strength for the accurate interpretation of collagen structure 

changes along with the fibrosis progression. We assume the distribution of background signals is Gaussian while all 

types of noise with different distributions are considered to be mixed together. However, if the system is limited by one 

specific type of noise, such as shot-noise which has a Poisson distribution, the mixture modes based segmentation 

algorithm should be modified. Moreover, we illustrated that those morphological features of collagen fibers such as 

fiber length, cross-link density and cross-link space are valuable measures for monitoring fibrosis progression, 

especially for early fibrosis detection. The proposed system is able to score stage 0 and stage 4 samples with high 

specificity and sensitivity, and achieve acceptable results for other stages.  

Table 3.  AUC for different classifiers using all five features and GMM method 

Stage 0 1 2 3 4 Overall 

Neural Network 0.97 0.81 0.76 0.87 0.97 0.88 
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SVM 

(one versus all) 
0.89 0.60 0.57 0.68 0.86 0.72 

SVM 

(one versus one) 
0.91 0.85 0.61 0.67 0.86 0.78 
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Abstract. Ship transportation is important in the countries with sea and wide rivers. Multi-ship course problem has 
been treated in the engineering related to ships. But, the optimality of courses and the interaction between 
maneuvering actions have not been sufficiently discussed yet. Since there are the special conditions in ship 
maneuvering, we regard multi-agent reinforcement learning system (MARLS) as a useful tool to brisk up these 
discussions. In this paper, we propose a new MARLS to find courses of ships and investigate the effects of prior 
knowledge on our MARLS. From numerical simulations, we show that our MARLS can keep navigation rules and 
improve the learning efficiency. 

Keywords: Multi-agent reinforcement learning system (MARLS), Prior knowledge, Multi-ship course problem, 
Navigation rules. 

1 Introduction 

Deciding courses of ships before actual navigation is important. The importance deeply relates to the value of ship 
transportation and the special conditions in ship maneuvering. The conditions are as follows: 1) the dynamics is 
nonlinear, 2) there is no way to brake and go backward effectively, 3) the attitude is unstable at a low speed, and 4) the 
control tower with authority does not exist.  

In the engineering related to ships, multi-ship course problem has been treated in maneuvering simulation and 
automatic operation, where the course has been given as a guideline which ships should trace and the procedures to 
avoid collisions between ships have been discussed. But, the optimality of courses and the interaction between 
maneuvering actions have not been sufficiently discussed yet. We regard multi-agent reinforcement learning system 
(MARLS) as a useful tool to brisk up these discussions, because ships have the special conditions in the maneuvering. 

There are a few works [1]-[3] of MARLS to solve multi-ship course problem. They are roughly divided into 2 kinds 
of frameworks. The first framework [1], [2] is a simple application of MARLS to the problem and the solution may 
often be unsuitable for actual navigation. To overcome this, the second framework [3] uses navigation rules (NRs) as 
prior knowledge. NRs are the knowledge to avoid collisions between 2 ships, which are given by international 
regulations [4]. In this framework, NRs are reflected by the shape of collision area (C-area) which is used to judge 
collisions between ships. But, this MARLS sometimes neglects NRs because controlling C-area is an indirect way to 
keep NRs. Also, as the problem becomes difficult, the learning efficiency decreases rapidly. In this paper, we propose a 
new MARLS and investigate the effects of prior knowledge on our MARLS. From numerical simulations, we show that 
our MARLS can keep NRs and improve the learning efficiency. 

2 Basic MARLS to Find Courses of Ships 

2.1 Multi-Ship Course Problem 

Fig.1(a) shows the model of ship maneuvering motion. To simplify the discussion, there is no tidal current which is a 
major factor of the external force. Considering tidal current effects, one can use our previous work [2]. OS is the center 
in turning the ship’s head and shows the ship’s position (i.e., OS=(x, y)). ! is the heading angle. LS is the ship’s length. v0 
is the velocity and its size is V0. The dynamics is given by [5],  

 
 
where " is the rudder angle. T0 and K0 are the parameters to characterize the ship maneuvering performance in still water. 
Each ship has individual values of T0 and K0. As mentioned above, a ship has no way to brake and go backward 
effectively and the attitude is unstable at a low speed. Therefore, when many ships are in a limited sea area, actual 

(1) 
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navigators tend to avoid collisions by only changing the direction before changing the speed. From this fact, we fix V0 at 
the standard value. 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1. Models of ship maneuvering motion and sea area. 

Figs.1(b) and (c) show the model of sea area. Fig.1(b) is a common sea area which all ships share and it defines the 
start (S) and goal (G) for each ship in the navigable area (white). Also, it defines the unnavigable area (gray) which 
represents obstacles. Fig.1(c) is an individual sea area which each ship occupies and it is based on the common sea area. 
It consists of grids whose side length is fixed at LG. Each grid is numbered for reinforcement learning (RL). There are 4 
kinds of grids: start one (S), goal one (G), navigable one (white), and unnavigable one (gray). Each ship is permitted to 
move every grid except unnavigable ones. Therefore, we judge that MARLS has obtained a solution of multi-ship 
course problem if all the ships arrive at their goal grids without entering the unnavigable grid in their individual sea area 
and there is no collision between ships in the common sea area. 

2.2 Basic MARLS for Multi-Ship Course Problem 

Here, we show the basis of our MARLS which uses Q-learning (QL). There are some assumptions to solve multi-ship 
course problem by MARLS. A navigator is regarded as an agent and the number of agents is N. The perceptual input Pk 
of agent k consists of the own ship’s information Ik=(xk, yk, !k, ) and other ships’ information Dk. The action is defined 
by the rudder angle "k. If the ship k is in the goal grid Gk, unnavigable ones, and the others, the agent k receives rA, rF, 
and zero as the reward, respectively. Also, when the ship k collides with other ships, the agent k receives rF. When the 
agent k senses the terminal state, it receives rA or rF. If N agents arrive at their goals in the present episode, it means the 
task achievement. The end condition of a learning trial is based on the task achievement ratio. The basic MARLS 
algorithm for multi-ships course problem is described as follows. 
1. Initialize the Q-value Qk(sk, ak) for k=1!N, sk"Sk, and ak"Ak (i.e., Qk(sk, ak)=0). 
2. Initialize the episode counter CE (i.e., CE=0). 
3. Set each ship to the starting point and set t=0. 
4. Sense a state sk(t) from the perceptual input Pk(t)=(Ik(t), Dk(t)). 
5. Select an action ak(t) by #-greedy policy and execute the action specified by ak(t). 
6. Sense a new state sk(t+1) from Pk(t+1). 
7. Receive a reward rk(t+1). 
8. Update Qk(sk, ak) by the following equation:  

 
 

where #k and $k are the learning rate and the discount rate, respectively. 
9. If all the agents arrive at their terminal states, go to step 10. Otherwise, t$t+1 and go to step 4. 
10. If the end condition is satisfied, stop a learning trial. Otherwise, CE$CE+1 and go to step 3. 

3 MARLS with Prior Knowledge for Multi-ship Course Problem 

To keep the navigation rules (NRs) [4] forcibly and improve the possibility that ships arrive at their goals, we propose a 
new MARLS which uses not only NRs but also a common rule (CR) as prior knowledge. CR is based on the idea that a 
ship ought to move to the goal if there is no danger of collisions. We briefly explain how to use 
 
 
 
 

(a) Model of ship 
maneuvering motion 

(b) Model of common 
sea area 

(c) Model of individual 
sea area (for ship 1) 

! 

" 

(2) 
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Fig. 2.  Relationship between collision situations, navigation rules, and C-area. 

prior knowledge in our MARLS. NRs are implemented by not only controlling the collision area (C-area) [3] but also 
limiting the action selection. Additionally, we modify the methods of judging collision situations and canceling the 
judgment to keep NRs more appropriately. CR is implemented by limiting the action selection when the ship’s heading 
angle differs widely from the goal direction and there is no danger of collisions. As a result, since the MARLS prevents 
each agent from learning extra states, the learning efficiency will be improved. 

3.1 Collision Area Based on Navigation Rules 

Fig.2 illustrates the collision situations, NRs, and C-area. Fig.2(a) shows Head-on-situation and each ship must change 
the course to the right to avoid the collision. Fig.2(b) shows Crossing-situation and the ship which has the other ship on 
the right side must change the course to the right. Fig.2(c) shows Overtaking and the overtaking ship must change the 
course to the right or the left. When the ship k must avoid the collision with the other ship j according to NRs, our 
MARLS places C-area around the ship j. The shape of C-area depends on the corresponding collision situation. If the 
ship k enters C-area around the ship j, then the agent k receives a negative reward rF and the agent j has no penalty. This 
collision judgment is executed at the step 7 of the basic MARLS. As a result, the ship k may get the course to avoid the 
collision with the ship j according to NRs. 

3.2 Perception of Other Ships 

The agent k must get other ships’ information Dk to perceive other ships. Our MARLS executes the following 4 
processes for the agent k to get Dk. 

The first process is to detect other ships. As shown in Fig.3(a), the agent k always observes whether other ships are in 
the view circle whose center is OSk(=(xk, yk)) of the ship k and radius is Rk. If other ships are in the circle, the agent k 
detects them. 

The second process is to judge the collision situations. At the beginning of each episode, the judgment status of each 
agent is free. If the agent k has detected the ship j and the judgment status Jkj is free, the agent k judges the collision 
situations by the criterion shown in Fig.3(b). First, the criterion checks whether the ships k is in Head-on-situation (need 
to avoid). If the ship k satisfies that %WJ&xk&WJ, yk'0, and !k"A1 as well as the ship k1, the ship k must avoid the ships j 
in Head-on-situation. In this case, Jkj becomes Head-on-situation (need to avoid). Next, the criterion checks that the ship 
k is in Crossing-situation (need to avoid), Crossing-situation (no need to avoid), or Overtaking (need to avoid) by the 
angle Ajk. For example, if the ship k satisfies that Ajk"AC3 and !k"A3 as well as the ship k3, the ship k has no need to 
avoid the ships j in Crossing-situation. That is, Jkj becomes Crossing-situation (no need to avoid). Finally, the criterion 
checks that the ship k is in Overtaking (no need to avoid). If Jjk is Overtaking (need to avoid), the ship k has no need to 
avoid the ships j in Overtaking. Therefore, Jkj becomes Overtaking (no need to avoid). Of course, if the relationship 
between the ships k and j does not match all the collision situations, Jkj remains free. 

 
 
 

  
 
 
 
 
 
 
 
 

Fig. 3. A view circle of a ship and a method to judge the collision situations.  

(a) Head-on-situation 

22.5° 22.5° 

(b) Crossing-situation (c) Overtaking 

(a) A view circle (b) A method to judge the collision situations 

22.5° 22.5° 
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The third process is to cancel the judgment of collision situations. The agent k can cancel the judgment (i.e., make Jkj free) if the ship 
j has moved out of the view circle, the ship k (j) has completed the move to avoid the collision with the ship j (k), or the judgment is 
widely different from the present relationship between the ships k and j. Since the first condition is simple, we explain only the 
second and third ones by using Fig.4. It assumes that the ship k must avoid the ships j according to NRs. Also, if Jkj becomes free, Jjk 
also becomes free. The second condition is executed as follows. If, 

 
 
 
 
 
 
 
 
 

Fig. 4. Methods to cancel the judgment of collision situations. 

the ship k moves over the bold dotted line in the corresponding collision situation, it means that the ship k has 
completely avoided the collision with the ship j. Therefore, the agent k can cancel the judgment. The third condition is 
executed as follows. In Fig.4(a), if %Dh&xk&Dh, yk'%LS/2 and !k"[%(/2, (/2], if xk<%Dh, yk'%LS/2 and !k"[%(, (/2], or if 
xk>Dh, yk'%LS/2 and !k"[%(/2, (], the agent k can cancel Head-on-situation (need to avoid). In Fig.4(b), if xk&LS/2, 
yk'%LS/2 and !k"[(, 2(], the agent k can cancel Crossing-situation (need to avoid). In Fig.4(c), if %Do&xk&Do, 
yk&Ho%LS/2 and !k"[(/2, 3(/2], if xk<%Do, yk&Ho%LS/2 and !k"[(/2, 2(], or if xk>Do, yk&Ho%LS/2 and !k"[0, 3(/2], the 
agent k can cancel Overtaking (need to avoid). 

The fourth process is to generate other ships’ information Dk from the results of above processes. If there are other 
ships which the ship k needs to avoid, Dk is generated based on the directions where they exist. For example, Fig.3(a) 
shows that there are 2 ships j2 and j3 in the view circle. Moreover, the circle is divided NDk=4 regions (i.e., Dk[0]~Dk[3]). 
Since the ship k needs to avoid only the ship j2 in the region Dk[0], the agent k generates Dk=[1, 0, 0, 0]. 

The perception of other ships is inserted into the steps 4 and 6 of the basic MARLS. 

3.3 Limited Action Selection 

Our MARLS limits the action selection to keep NRs forcibly and improve the possibility that ships arrive at their goals. 
First, we explain the limited action selection (LAS) to keep NRs. If observing Fig.2 carefully, one can see that the ships 
in Head-on-situation (need to avoid) and Crossing-situation (need to avoid) must change the course to the right. That is, 
the action selection should be limited so that "k'0. But, if selecting such actions is continued, the ship k may turn to the 
right unnecessarily. To overcome this, the agent k cannot limit the action selection if !k'ALAS as shown in Figs.5(a) and 
(b). Next, we show LAS to move to the goal. Figs.5(c) and (d) are the criteria for this LAS. They are applied to the ship 
which has no need to avoid other ships. If %<AGk&( as shown in Fig.5(c), the action selection is limited so that the ship k 
changes the course to the right (i.e., "k'0). If %(<AGk<%% as shown in Fig.5(d), the action selection is limited so that the 
ship k changes the course to the left (i.e., "k&0). These limited action selections are executed at the step 5 of the basic 
MARLS. 

4 Numerical Simulations 

Simulations have been carried out to investigate the effects of prior knowledge on our MARLS for multi-ship course 
problem. Fig.1(b) shows the test problem which includes 6 ships in 42LS)42LS common sea area. To simplify the 
discussion, all the ships have common parameters except their start and goal positions. The parameters of ships are 
LS=107(m), V0=6.17(m/s), K0=1.310, T0=1.085, ""{0.0, 10.0, %10.0, 20.0, %20.0}(deg.). The initial heading angle is 
equal to the goal direction plus random value within [%2.5, 2.5](deg.). The parameters of QL are #=0.1, *=0.99, rA=1.0, 
rF= %1.0, &=10%

3. The state variables are divided as follows: xk and yk are divided by LG(=2LS), !"[0, 2(] is divided into 
12 equal parts,  is divided into 2 equal parts based on its sign. The parameters of C-area are Hh=2LS, Wh=5LS, Hc=5LS, 
Wc=LS, Ho= 5LS, Wo=2LS. The parameters to perceive other ships are R=40LS, WJ=LS, Dh=Do=10LS, ND=4. The 
parameter of limited action selection (LAS) is %=1.0(deg.). The numerical analysis has been done by fourth order 
Runge-Kutta. The time step is 't=1.0(sec.). The maximum number of episodes in each learning trial is 300000. The 
learning in a trial is successful if the task achievement ratio is over 80% for 20000 successive episodes. Also, if the 
learning is successful, we have estimated the course of ship whose initial heading angle is the goal direction. The 
number of trials is 30. 
 

!k 

!k 

!k 

(a) Head-on-situation (b) Crossing-situation (c) Overtaking 
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Fig. 5. Methods to limit action selection. 

Table 1. Use(1)/disuse(0) of prior knowledge. 

Exp. num. LAS1 LAS2 CANC1 CANC2 CNR 
E1 1 1 1 1 1 
E2 0 1 1 1 1 
E3 1 0 1 1 1 
E4 1 1 0 1 1 
E5 1 1 1 0 1 
E6 1 1 1 1 0 
E7 0 0 0 0 1 
E8 0 0 0 0 0 

Table 2. Simulation results. 

Exp. num. NSLT NEPS NS NKNR NVNR NCOL DKNR (m) 
E1 30 77505 28811 26 0 4 30010 
E2 24 184907 75683 18 6 0 29950 
E3 0 ----- ----- ----- ----- ----- ----- 
E4 2 272930 76348 1 0 1 29967 
E5 30 179734 53102 24 0 6 29937 
E6 30 96491 36266 23 3 4 30018 
E7 0 ----- ----- ----- ----- ----- ----- 
E8 1 296342 90731 0 1 0 ----- 

 
 

Table 1 shows the use(1)/disuse(0) of prior knowledge. LAS1 and LAS2 mean LASs to keep navigation rules (NRs) 
and move to the goal, respectively. CANC1 and CANC2 mean the cancels of the judgment of collision situations by the 
achievement of collision avoidance and by the wide difference between the judgment and the present relationship 
between ships, respectively. CNR means the C-area based on NRs. If CNR=0, C-area becomes an LS)LS square. Table 2 
shows the simulation results. NSLT is the number of successful learning trials. NEPS is the average number of episodes 
executed in successful trials. NS is the average number of states used in successful trials. NKNR, NVNR, and NCOL are the 
numbers of estimated courses which keep NRs, violate NRs, and have collisions, respectively. DKNR is the average 
distance of courses which keep NRs. From Table 1 and 2, we have found followings. 
% The disuse of prior knowledge increases states (NS). As a result, the executed episodes (NEPS) increase and the 

successful learning trials (NSLT) decrease. Especially, the absence of LAS2 decreases the performance of MARLS 
seriously. The absence of CANC1 means the lack of LAS2, since it is difficult for the judgment status (Jkj) to be 
free. This is the reason why E4 has small NSLT. 

% If both LAS1 and CNR are used, MARLS does not get courses which violate NRs. But, if either of them is absent, 
it gets such courses. Therefore, they help MARLS to keep NRs each other. Moreover, if the obtained courses 
keep NRs, the distance (DKNR) hardly depends on the use/disuse of prior knowledge. 

% Even if the learning has been successful, the estimated course may include collisions. Therefore, the end 
condition of learning will have to be modified. 

% E1 (i.e., our new MARLS) has much better performance than E7 (i.e., MARLS in [3]) and E8 (i.e., MARLS in 
[1], [2]). 

5 Conclusions 

We have proposed a new MARLS for multi-ship course problem and investigated the effects of prior knowledge on our 
MARLS. Simulation results have shown that the use of prior knowledge helps to not only keep the navigation rules but 

(a) LSA for Head- 
on-situation ("k'0) 

(b) LAS for Crossing-
situation ("k'0) 

(c) LAS to move 
to Gk ("k'0) 

% -% % -% 

(d) LAS to move 
to Gk ("k&0) 
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also improve the learning efficiency. However, even if the learning is successful, the courses of ships whose initial 
heading angles are the goal direction may include collisions. Therefore, the end condition of learning will have to be 
modified. 
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Abstract. Central Pattern Generators (CPGs) are widely used for the control of locomotion in robots,
inspired from the animal neural structures and mechanisms for locomotion. This paper presents a hardware
implementation to generate adaptive gait patterns for quadruped robots modeled through a CPG-network
formed by a set of coupled Van der Pol oscillators. The proposed implementation is based on a modular
approach and it is targeted to a Field Programmable Gate Array (FPGA) device. The hardware imple-
mentation is able to generate suitable gait patterns in real time and control the transition among different
types of locomotion, such as walking, trotting, and galloping, by modifying the internal oscillator param-
eters. The simulation and experimental results demonstrate that the hardware implementation is effective
to control the quadruped locomotion yet it is easily adaptable and scalable to other locomotor structures
commonly used in robotics.

1 Introduction

Recently, experiments and research work have addressed the feasibility of the design of locomotion control
systems of legged robots taking inspiration from locomotion mechanisms in humans and animals. Legged lo-
comotions are performed in rhythmic synchronized manner where a large number of degrees of freedom are
involved so as to produce well-coordinated movements. From biological studies, it is known that fundamental
rhythmic periodical signals for locomotion are produced by CPGs and the main part of the coordination takes
place in the central nervous system. CPGs are comprised of neural oscillators located in the spine of vertebrates
and in the segmental ganglia of invertebrates [1, 2]. CPGs are often modeled as oscillators that have mutually
coupled excitatory and inhibitory neurons, following regular interconnection structures. CPGs automatically
generate complex control signals for the coordination of muscles during rhythmic movements, such as walking,
running, swimming and flying [3]. The CPG-based approach for locomotion control systems has several advan-
tages. Due to the limit cycle behavior of neural oscillators, i.e., stable rhythmic patterns, the system rapidly
returns to its normal rhythmic behavior after transient perturbations of the state variables, providing robust-
ness against perturbations. As a result of the natural synchronization and coordination of CPGs, the amount
of computations is reduced. The synaptic plasticity of interconnections and feedback signals, used to integrate
sensory information, allow CPGs to produce flexible locomotion in unknown environments [4, 5]. However, one
of the main disadvantages of CPGs is that their parameters are usually tuned by trial and error methods, and
there are few training methodologies, genetic algorithms for example, to generate the rhythmic signals [6].

For robotics, the miniaturization of perception-action artifacts inspired by the principles of living systems
may be desirable so as to look for real-time adaptability of robots to the environment. These technologies will
require small, low-cost, power efficient and adaptive controllers which might benefit from custom bio-inspired
hardware. For example, CPG models have been used for controlling swimming robots, such as a salamander
robot [7] and a turtle robot [8]. CPGs also have been extensively used on quadrupeds, hexapods and octopods
robots [9–13]. Control systems for quadruped robots using CPGs have been explored by Hiroshi Kimura et al
[11]. Many of these applications have been developed using dedicated hardware, both analog and digital [11–13].
On one hand, CPGs have been implemented using microprocessors providing high accuracy and flexibility but
those systems consume high power and occupy a large area restricting their utili ty in embedded applications.
On the other hand, analog circuits have been already proposed, being computation and power efficient but they
usually lack flexibility and dynamics and they involve large design cycles.

In this paper an FPGA-based hardware implementation to generate different gaits for quadruped robots is
presented, based on established principles of locomotion that mimics biological CPGs. A custom implementation
of the Van Der Pol CPG attached to a Xilinx microblaze processor is presented and discussed. Potentially, this
approach might provide modular control circuits that are adaptable and able to generate complex, coordinated
movements. The goal of this implementation is to show the feasibility of self-contained locomotion solutions
using modular, adaptable and compact modules with a high degree of programmability.
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Fig. 1: Typical gait patterns in quadruped locomotion and their relative phases between the limbs.

(a) (b) (c)

Fig. 2: (a) General CPG network for quadruped locomotion. (b)-(c) Configurations corresponding to walk and trot gaits.
Black and white dots represent excitatory and inhibitory connections, respectively.

2 CPG-based quadruped locomotion

Animal locomotion employs different periodic patterns known as animal gaits. Researchers have established
that gaits possess certain symmetries and have modeled the gaits of quadrupeds by a system of coupled cells
where each cell is composed of a set of neurons directly responsible to synchronize the movement of their limbs.
A simplified mathematical model of CPG-based locomotion consists of using one cell per limb and replacing
each cell by a nonlinear oscillator. Thus, quadruped gaits are modeled by coupling four nonlinear oscillators,
and by changing the coupling strength, it is possible to reproduce rhythmic locomotion patterns. In rhythmic
movements of animals, a transition of the rhythmic movements is often observed. As a typical example, horses
choose different locomotive patterns in accordance with their needs, locomotive speeds or the rate of energy
consumption. In addition, each gait pattern is characterized by relative phase among the limbs [14]. Figure 1
shows the typical horse gait patterns and its relative phases between the limbs. Here, LF, LH, RF, and RH
stand for left forelimb, left hindlimb, right forelimb, and right hindlimb, respectively.

There are several models for neural oscillators to model the basic CPG to control a limb, such as the Amari-
Hopfield [15], Matsuoka [12] and Van De Pol models [16]. In this work, the basic cell is modeled by a Van Der
Pol (VDP) oscillator which is a relaxation oscillator governed by a second-order differential equation:

ẍ− α(p2 − x2)ẋ + ω2x = 0 (1)

where x is the output signal from the oscillator, α, p and ω are the parameters that tune the properties of
oscillators. In general terms, α affects the shape of the waveform, the amplitude of x depends on the parameter
p. The output frequency is highly dependent on the parameter ω. Equation 1 can be rewritten as:

ẋ = y
ẏ = α(p2 − x2)y + ω2x

(2)

In this work, the locomotion control system of a quadruped is modeled as a network of eight VDP oscillators
as shown in the figure 2a and suggested in most works reported in the literature [4, 11]. Four main oscillators
(LFl, RFl, LHl, RHl) control the movement of a limb, and the others the relative movement of the knee associ-
ated to a limb (LFk, RFk, LHk, RHk). Oscillators are mutually forced to oscillate in the same period and with
a fixed phase difference. The mutual interaction among the VDP oscillators in the network produces a gait, and
by changing the coupling weights, it is possible to change the phase difference between the oscillators. Figures
2b to 2c, show the network configurations to generate periodic rhythmic patterns for walking and trotting.

The dynamics of the ith coupled oscillator in the network is given by:

ẍc + α(p2
c − x2

cj)ẋc − ω2xcj = 0 (3)

For i = 1, 2, 3, 4 , where xc is the output signal from an oscillator, xcj denotes the coupling contribution of
its neighbors given by the equation 4:

xcj =
∑

j

λcjxj (4)
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Fig. 3: Digital hardware architecture for the Van Der Pol oscillator.

Where λcj is the coupling weight that represents the strength of jth oscillator over the current oscillator.
The generation of the respective gaits depends on the values of the system parameters.

3 FPGA-based hardware implementation

In this section, we describe the architecture of the CPG hardware implementation for interlimb coordination
in quadruped locomotion. Most of the previous hardware implementations of CPGs are capable of generating
sustained oscillations similar to the biological CPGs, however, quite a few have addressed the problem of
embedding several gaits and performing transitions between them. One important design consideration in this
paper, is that the FPGA-based implementation should be a platform well suited to explore adaptive behavior
and dynamics, i.e., the platform can be switched between multiple output patterns through the application of
external inputs [17]. For the implementation, a two complement 18-bit fixed point representation with 11-bit
for the integer part and 7-bit for the fractional part were chosen as a good compromise for average error and
hardware resource utilization.

Figure 3 shows a block diagram for the hardware implementation of the discretized VDP equation. In
the first stage, the value of Xci is calculated: this value depends on the Xc-neighbors and the coupling weight
values. This stage uses four multipliers and one adder. The square values of p, Xci and ω are calculated in the
second stage, it uses three multipliers. In the third stage, the values of α ∗ yc and p2 −Xci are calculated, one
multiplier and a subtracter are used. The fourth stage computes the values of α ∗ yc ∗ (p2 −Xci) and ω2 ∗Xci.
This stage uses two multipliers. For the integration stage, the numerical method of Euler was implemented by
using two shift registers and two adders. The integration factor is implemented by a shift register, which shifts
six positions the values of ẏc and ẋc to provide an integration factor of 1/64. The block labeled as R eg stands
for accumulators that hold the internal state of the VPD oscillators. Finally, the values yc and xc are obtained.

Several VDP modules are implemented and organized according to the network shown in figure 2a to
generate walk, trot and gallop gaits for quadrupeds. To overcome the partial lack of flexibility of the CPG
digital architecture, this has been attached as a specialized coprocessor to a microblaze processor. A 35-register
bank is used to receive the input parameters, α, p2, ω2, λij and the initial values of each oscillator, from the
processor.

4 Implementation results

The CPG digital architecture has been modeled using the Very High Speed Integrated Circuits Hardware
Description Language (VHDL), and synthesized using the ISE Foundation and EDK tools from Xilinx targeted
to the FPGA device in the Spartan-3E starter kit development board.

To test the hardware implementation, hardware-in-the-loop approach, a C-based application was developed
on the microblaze to set the values of the parameters in the hardware digital implementation. Results were sent
to a digital-analog converter (DAC) and the output signal from the DAC was visualized on a oscilloscope. Figure
4 shows, the walking locomotion pattern, in the bioloid robot simulator, and the periodic oscillations for the
different joints, limbs and knees, produced by the hardware implementation. Figures (a)− (h) show the specific
bioloid joint positions corresponding to the time labels shown in the walk time graph. Figures (j)-(k) show the
phase relationship between the knee and limb joints in the right forelimb and hindlimb during walking. Finally,
in figure (l) a time graph to show transition between walking and trotting is presented. Locomotions patterns for
trot and gallop, and the transitions between them, were also tested. The phase attractors for the VDP oscillator
during transition, from walking to trotting, reach an stable cycle in around 2 seconds. In this time, the simulation
presented an unpredictable behavior of robot locomotion, which can lead to unstable gait. To overcome this
problem, a method to realize soft transitions between the different gaits is yet necessary. The values of weight
matrix to configure the CPG network are shown in table 1. The initial values, x0,...,7 = {4, 2, 3, 1, 1, 1, 1, 1},
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Table 1: Weight matrix for VDP oscillators associated to the limbs

Gait Walk Trot Gallop

Weight




1.0 −0.2 −0.2 −0.2
−0.2 1.0 −0.2 −0.2
−0.2 −0.2 1.0 −0.2
−0.2 −0.2 −0.2 1.0







1.0 −0.2 0.2 −0.2
−0.2 1.0 −0.2 0.2
0.2 −0.2 1.0 −0.2
−0.2 0.2 −0.2 1.0







1.0 0.2 −0.2 −0.2
−0.2 1.0 0.2 −0.2
−0.2 −0.2 1.0 0.2
0.2 −0.2 −0.2 1.0




Table 2: Hardware utilization for implementation of the CPG control for different network configurations targeted to a
Xilinx 4vsx55ff1148-12 device

Configurations LUTs Flip-Flops Slices Embedded
multipliers

Clock frequency
(MHz)

quadruped 1033 293 517 56 41
hexapod 1357 437 769 84 41
octopod 2185 581 1093 112 41

y0,...,7 = 0, α = 1, p2 = 2, ω2 = 20 were used. The values were calculated experimentally with a software
implementation.

Compared with others implementations, such as CMOS-based implementations, the FPGA implementation
is more suitable to explore adaptive locomotion. The network can be easily customized to work with others
different topologies, for hexapods or octopods for example, adding more VDP modules. Table 2 shows a
summary of the FPGA resource utilization of the network architecture for different configurations using a
virtex 4vsx55ff1148-12 device.

5 Conclusions and future work

This work has presented a hardware implementation for Central Pattern Generators for locomotion control of
quadruped robots. The presented examples show that the measured waveforms from the FPGA-based imple-
mentation agree with the numerical simulations. The implementation provides flexibility to generate different
rhythmic patterns, at runtime, suitable for adaptable locomotion and the implementation is scalable to larger
networks. The microblaze, allow us to propose an strategy for both generation and control of the gaits, and it is
suitable to explore the design with dynamic reconfiguration in the FPGA. Future work will focus on: (a) explore
larger networks for a complete locomotion controller and embedding more diverse transitions (b) incorporate the
feedback from the robot body to improve the generation of patterns, (c) integrate visual perception information
to adapt the locomotion control in an unknown environment and (d) to scale up the present approach to legged
rob ots with several degrees of freedom to generate complex rhythmic movements and behaviors.
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Abstract. Recently, there have been significant research efforts to select identifiable gene markers between
different phenotypes for diagnosing the disease class. However, discovering the reliable gene markers is a
challenging problem. One of the weaknesses of existing gene expression based classification is that gene
markers are often selected independently, although their functional products may interact with each other.
And also, inherent measurement noise in the gene expression profile and the heterogeneity between samples
make the problem more difficult. Recently, in order to overcome these weaknesses, several groups have
alleviated this problem by jointly analyzing the expression levels of groups of functionally related genes
based on pathway information. However, there is still remaining problems such as lower classification
performance caused by the curse of dimensionality and potential information lose caused by ranking-based
approach. In this paper, to overcome these problems, we propose a novel method based on combining
pathway information and gene expression data using the random subspace method. We apply our proposed
method to the classification of lung cancer data and show that it can outperformes several existing pathway
based methods.

1 Introduction

Genome-wide expression analysis using DNA microarray has become a mainstream of genomics research. Espe-
cially, there have been significant research efforts to search differently expressed genes across different phenotypes
which can be used as diagnostic gene markers for diagnosing disease classes and predicting outcomes or responses
of medical therapies [1][2][3]. In existing methods, gene markers are selected by ranking each individual gene for
how well its expression value can discriminate among different phenotypes. However, discovering reliable gene
markers for classification is a challenging problem, and a number of recent studies have questioned the reliability
of classification based on individual gene markers [4][5]. One of weaknesses of these existing gene expression
based methods is that gene markers are often selected independently, although their functional products such
as protein complexes may interact with each other. And also, the inherent measurement noise in gene expres-
sion data and the heterogeneity between samples make the problem more difficult. In order to overcome these
weaknesses, several groups have alleviated this problem by jointly analyzing the expression levels of sets of func-
tionally related genes, which can be obtain from Gene Ontology, KEGG databases, or other sources. Recently, a
number of studies have shown that pathway based markers are more reproducible compared with individual gene
markers. And also, they can provide important biological understanding into an intrinsic mechanism that lead
to different phenotypes of diseases [6][7][8][9]. Furthermore, in their studies, pathway-based classifiers achieve
comparable or better classification performance compared with existing gene expression based methods.

To use pathway information for the disease classification, inferring the pathway activity of a given pathway
based on the expression levels of its member genes is needed. For this inferring, a number of pathway activity
inference methods have been proposed. Guo et al. [6] proposed to use the mean or median expression value of
the member genes to infer the pathway activity. Tomfohr et al. [7] and Bild et al. [8] used the first principal
component of the member genes to estimate the activity of a given pathway. More recently, Lee et al. [9] proposed
a method that predicts the pathway activity using only condition responsive gene subset of the member genes
in the pathway.

However, these existing pathway based methods still have the following problems : lower classification per-
formance and over-fitting problem of ranking-based approach. We can consider cause of the former problem is
that existing classification method does not free from the curse of dimensionality. Typically, gene expression
data have a small number of samples, while the number of genes is very large. And also, one cause of the
latter problem is that ranks of the pathways and its member genes are calculated differently every iteration or
validation sets. Due to this problem, potential information of unselected pathways and member genes can be
removed which may lead to decreased classification performance.

In this paper, to overcome these problems, we propose a novel method for cancer classification based on
the combining pathway information and the gene expression data using random subspace method. We apply
our proposed method to the classification of lung cancer data and show that it can achieve outperforming
performance compared to several existing pathway based methods.
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2 Pathway Information based Cancer Classification

2.1 The Random Subspace Method

The Random Subspace Method(RSM) is the ensemble technique proposed by Ho [10]. In the RSM, each weak
classifier uses only a random subset of all the features while its training and testing. Given a training set
T = (T1, T2, ..., Tn) and each Ti is dimensional feature vector gi = (gi1, gi2, ..., gip),the RSM generates m new
training set RS = (RS1, RS2, ..., RSm); each new set RSi that contains randomly selected r features rsi =
(rsi1, rsi2, ..., rsir), (r < p) is used to build the weak classifiers. Finally, these weak classifiers are combined by
the majority voting. So, the RSM is organized in the following way:

1. Repeat for i = 1, 2, ..., m :
(a) Select a r dimensional random subspace RSi from the original p dimensional feature space gi.
(b) Construct a weak classifier wc(rsi) based on classification algorithms such as the decision tree, nearest

neighbor classifier.
2. Combine classifier wc(rsi), i = 1, 2, ..., m, by simple majority voting to a final decision rule as follows :

y∗ = arg max
y∈{+1,−1}

m∑

i=1

wc(rs(x)i)y (1)

where y ∈ {+1,−1} is a class label and is final estimation result.

Given test data is estimated as the class that counted most frequently through equation (1). The RSM may
benefit from using random subspace for both constructing and aggregating the classifier. When the number of
training samples is relatively small compared with the dimension of feature vector, one may solve the small
sample size problem by constructing classifiers in random subspaces. The subspace dimensionality is smaller
than in the original feature space, while the number of training samples remains the same. Therefore, the relative
training sample size increases. When data have many redundant features, we may obtain better classifiers in
random subspace than in the original feature space. The combined decision of such classifiers may be superior
to a single classifier constructed on the original training set in the complete feature space [10][11].

2.2 Proposed Method

To combine the pathway information and gene expression data, we propose a novel method based on modified
the random subspace method. We call it Advanced Random Subspace Method(ARSM). In the proposed method,
the random subspace of weak classifier which composes classifier ensemble is substituted by member genes of
each pathway. These member genes of pathway are selected using the signal-to-nosise statistic [2] or t-test
statistic :

signal-to-noise =
µ+1 − µ−1

σ+1 + σ−1
(2)

where µ and σ represent the mean and standard deviation of gene expression values, respectively, for each class.
The member gene selection is performed based on the training data and we use only top 30% of member

genes belong to each pathway. In order to build the weak classifiers of the ensemble, we use the nearest mean
classifier (NMC) [12]. This NMC needs mean values of the features which belong in each class for calculation
distances. These Mean values µy,j of each gene j were obtained from average gene expression values of the whole
samples which belong to each class y. The number of weak classifier is determined as the number of selected
pathways obtained through learning process based on training data. In the learning process, we calculate fitness
values of each pathway for selecting the marker pathway as following way :

Fitness of pathway =
α(= 1)
Numw

+ β(= 0.001)×Numc (3)

Where Numc is the number of correctly matched test data with pathway based subspaces. The meaning of
correctly matching is that prediction of the weak classifier is correct. In contrast, Numw is the number of
wrongly matched test data. α and β are arbitrary constants. These values can be determined empirically. In
our experiment, in case of α >> β, the performance was better. After this learning process, the pathways were
sorted in decreasing order of the fitness values, and then in order to build the classifier, we use only the top
80% of the pathway marker.

In this base, we calculate distances between of subspaces of test data and average values of each class using
the Euclidean distance. The NMC selects the label of the class where the distance is near for output value. This
output value is accepted if the distance is less than threshold, otherwise it is rejected.
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NMC(xi) =
{

+1, if d1 < d2 & d1 < threshold1

−1, if d2 < d1 & d2 < threshold2
(4)

Where xi is i-th selected pathway,dy at y ∈ {+1,−1} is Euclidean distance between of subspaces of test data
and average values of each class. Threshold values for each subspace are calculated as the maximum distance
among the means of each subspace and each sample for each class y. In order to obtain the final estimation
result y∗, the results from each weak classifier are integrated through majority voting, and then the class obtains
majority of votes is selected as final estimation result [10].

y∗ = arg max
y∈{+1,−1}

n∑

i=1

NMC(xi)y (5)

3 Experiments

3.1 Datasets

We obtained two independent lung cancer datasets from previously published gene expression studies by Beer
DG et al. [13] (referred as the ”Michigan” dataset in this paper) and Bhattacharjee et al. [14] (referred as the
”Boston” dataset in this paper). Michigan dataset contains the gene expression profiles of 86 patients from the
Michigan. Boston dataset contains the gene expression profiles of 62 patients from Boston.

In order to obtain biological pathway information, we used the canonical pathways in the C2 curated gene
set downloaded from MSigDB v2.5 (updated April 7 2008) [15]. This set includes 639 pathways acquired from
several pathway databases, including the KEGG database and the GenMAPP. The set of pathways acquired
from the MSigDB contains more than 5,000 individual genes, where the Michigan and Boston datasets contain
2,718 genes of them in common.

3.2 Classification Evaluation

The proposed random subspace method based classifier was evaluated by following cross-validation experiments.
For within-dataset experiment, the gene expression samples in a dataset were randomly divided into five subsets,
where four-fifths of the divided subsets were used as training data and one-fifth was used as test data for
evaluating the classification performance(five-fold cross validation). This procedure has been repeated by using
each subset as the test data for a more reliable assessment. The training data was divided again into three
subsets for identifying the pathway markers. Two-thirds were used as internal training data and one-third were
used as internal test data. This internal cross-validation based learning was repeated for 50 iterations. Thus,
total 150 learning are accomplished. These experiments have been repeated for 100 random partitions of the
entire data. In order to measure the overall performance of the classification method, we report the average
of the AUC(Area Under ROC Curve) [16] values over 500 experimentsm, since the AUC can provide a useful
summary statistics of the classification performance over the entire range of specificity and sensitivity values.

In order to evaluate the reproducibility of the pathway markers across different dataset, we also preformed
cross-dataset experiments, where one data was used for selecting the pathway markers, and other data was used
for building classifier and evaluating its performance. First, we selected the optimal set of pathway markers
based on one data using fitness of each pathway. The process for selecting pathway markers and member genes
was similar to the one used in the within-dataset experiments. The samples in the other dataset were divided
into five subsets. Four-fifths of samples were used to build the classifier, and one-fifth of samples were used to
evaluate the performance of the constructed classifier. We repeated this experiment for 100 random partitions
of the entire dataset, and the average AUC over the 500 experiments was reported as the performance of the
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Fig. 2. Classification performance evaluation of our method(ARSM) and other methods (PAC, Mean, Median, PCA,
individual Genes).

Table 1. Classification performance comparison of the proposed ARSM with the gene expression based SVM.

dataset
AUC Classification accuracy(%)

ARSM SVM ARSM SVM

Michigan 0.71 0.65 70.03 72.09
Boston 0.58 0.54 54.07 50.47

Boston to Michigan 0.70 0.66 71.44 48.83
Michigan to Boston 0.58 0.62 53.38 50.00

classifier. The overall goal of these cross-dataset experiments is to evaluate the reproducibility of the proposed
method across different datasets. These procedures of the classification evaluation referred from [9][17].

3.3 Results

In order to use pathway information for classification, the member genes of each pathway from the MSigDB
were used as subspace in the proposed random subspace based method. For a fair and effective comparison
with other existing methods, we adopted a same experimental set-up that was used in Lee et al. [9] and then,
compared with the experimental results from them. According to adopted experimental set-up, the technique
of five-fold cross validation was applied to evaluate the proposed classifier. In each run of cross validation, we
only considered the pathway markers selected by the fitness value based on the training data.

The classifier using the Pathway Activity inference based on Condition-responsive genes(PAC) [9] had higher
predictive power than those using the Principal Component Analysis(PCA) [7] and the Mean and Median
[6], however the predictive power is still not significant. As shown in Figure 2, the proposed method ARSM
significantly outperformed the existing gene expression based method and pathway based methods in with-in
dataset experiment. These results indicate that there is one more critical factor in developing an advanced
diagnostic classifier in addition to the existing two facts : (1) a biologically meaningful definition of pathways,
(2) inference of condition specific pathway activity [5]. the one more critical factor is that unselected pathways
have useful potential information to diagnosis.
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Next, we tested the reproducibility of the pathway markers selected across datasets of different environment.
For this purpose, we used expression profiles of the two lung cancer dataset from different studies [13][14].
Selecting significant pathways was performed based on the Michigan dataset and then evaluating test data
was performed based on the Boston dataset, or vice versa. As shown in Figure 3, our proposed method shows
comparable or better performance than the existing methods except for the case of Lung Michigan to Boston.

In additional experiment to comparison with the general machine learning method(SVM), as we can see
in table 1, our method ARSM based on combining pathway information and gene expression data achieves
competitive or better performance than the SVM using only gene expression data in our experiments.

4 Conclusion

In this paper, we demonstrated that our approach of combining pathway information and gene expression
data for cancer classification based on the modified random subspace method can provide better and more
reproducible diagnosis performance. And also, our proposed method helps us to get more biological insight
about mechanisms of diseases. In our experiments, the proposed method significantly outperformed the existing
gene expression based methods and pathway based methods. Through these experiments we were able to confirm
that the utilization of the potential information of unselected pathway excluded from existing pathway based
methods helps to get more accurate and robust result and also selecting the member genes within each pathway
helps to reduce noise or variable measurements.

While the existing pathway based method use converted feature vectors from activity of pathway, our method
is able to use the pathway marker and its member genes directly. Therefore, we can use it as a new method for
discovering unknown pathways related with diseases.
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Abstract. In many medical application systems such as image-guided surgery or medical augmented reality, image-

patient registration is critical for anatomical information mapping and spatial guidance. In this study, a stereo- vision 

system is first utilized to extract and reconstruct few natural features from the facial surface of patient. These features, 

instead of artificial markets, are then applied as a clue to register the patient in the physical space to his/her own CT 

images by using a proposed ICP-based registration algorithm, named WAP-ICP. The WAP-ICP uses not only a 

random-perturbation technique to deal with the local minimum problem of ICP, but also a weighting strategy to reject 

noisy feature points, i.e. outliers. Experimental results reveal that the proposed WAP-ICP algorithm has great 

improvement in robustness than the adaptive-ICP and random-ICP. 

Keywords: stereo vision, ICP, registration  

1   Introduction 

Medical images obtained from various modalities usually provide valuable information for diagnosis and further 

treatment. Taking advantage of yielding anatomical or functional images localized over the patient, as known as image-

patient registration, doctors have more useful information for clinical diagnosis or further treatment, such as image-

guided surgery or medical augmented reality (AR).  

For registering medical images to the physical body of patient, traditionally, a stereotactic frame is usually fixed to 

the cranium of the patient before CT or MRI imaging scan [1]. Although the stereotactic frame provides accurate spatial 

localization, it may cause physical trauma. One alternative is using extrinsic features such as bone-implanted or skin-

attached markers [2]. Using bone-implanted or skull-fixated screws obtains good accuracy on the order of 1-2 mm, but 

they may cause wounds or infections. Although skin markers are less invasive and more patient friendly, they are less 

accurate due to the elasticity of the skin.  

A plausible solution to replace the artificial markers is using natural features. For example, surface is distinct to 

represent an object. The 3-D surface data can be obtained by using laser range scanner [3] or spatial digitizing devices 

such as an electromagnetic digitizer [4] or an infrared-camera-based optical digitizer [5]. Since surface data are usually 

captured in 3D-point form, an efficient algorithm is needed to register the surface data and the medical images.  

Iterative Closest Point (ICP) algorithm, which was first proposed by Besl and McKay [6], is now a widely used 

approach for 3-D shape registration. The first step of ICP is identifying the closest point from one data set to the other, 

and the second step is finding the least square rigid transformation related to these corresponding-point pairs. The 

algorithm then re-determines the closest point set and repeats these two steps until it converges to a local minimum 

match between the two surfaces. Lee et al. [7] proposed an adaptive ICP algorithm that used an ADAK-D tree for an 

efficient and robust closest-point search. Although the adaptive-ICP obtained a balanced computation time and 

registration accuracy superior to that of conventional ICP, a notable limitation was its inability to obtain the global 

minimum. To deal with the local-minimum problem, Luo et al. [8] combined the simulated annealing algorithm with 

ICP. On the other hand, Penney et al. [9] proposed a strategy of perturbing the positions of feature points by adding 

random Gaussian noise, while Fieten et al. [10] used landmarks to estimate a pre-registered solution first and then 

iteratively perturbed the ICP solutions for avoiding trapping into a local minimum. 

In this study, we propose an image-patient registration framework which uses only facial natural features but any 

artificial markers. The natural features in physical space are extracted by Harris corner detection and reconstructed in 3-

D form by stereo vision. Meanwhile, the other facial surface is reconstructed from CT images of the patient. However, 

stereo-vision-based 3-D reconstruction probably produces outliers, i.e. noisy points, which decrease the accuracy of 

registration. Inspired by the idea of weighting each pair of corresponding points from Wiintel et al. [11], we propose a 

robustness-improved ICP algorithm named Weighted-and-Perturbed ICP (WAP-ICP). The WAP-ICP uses not only a 

random-perturbation way to deal with the local-minimum problem but also a weighting strategy to reject outliers. The 

framework of the proposed image-patient registration and WAP-ICP are described in section 2. Experimental results are 

shown in section3. Conclusions are revealed in section 4. 
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2 Method 

Figure 1 shows that the flowchart of the proposed image-patient registration framework. With a patient lying on the 

operation table, a stereo-vision system equipped with two calibrated cameras, left and right, are utilized to capture two 

frontal images of the patient. On the left images, feature points are first detected by Harris Corners detection [12], and 

then reconstructed in 3-D form based on the epipolar constrains [13]. Since the cameras are calibrated, the 3-D position 

of each corners are thus reconstructed. At the same time, the other facial data are extracted from the CT images of the 

patient. By applying an appropriate threshold of Hounsfield value (gray intensity) to the images, facial surface data can 

be segmented from the images. With the two facial data sets, WAP-ICP algorithm is applied to compute the spatial 

transform for the image-patient registration. Details of each component are presented in the next subsection. 

Harris Corner 

Detection

Feature Point Matching and

Reconstruction

WAP-ICP Registration

Surface 

Reconstruction

CT Images

Fusion & Display

RightLeft

 

Fig. 1. Flowchart of the image-patient registration 

2.1 Surface Reconstruction 

There are two surface data sets involved in the image-patient registration framework. One is extracted from the patient 

in the physical space by stereo vision and the other is segmented from the CT images of the patient.  

To extract the physical-space data set, first we detect few feature points by Harris corner detector on the left image 

captured by the stereo-vision system. For each corner, we set a 17×17 window centered at the corner, and then search its 

corresponding point with the largest normalized correlation, i.e. Eq. (1), on the right image under the epipolar constrains.  
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  (1) 

where σ(x) and σ(x’) stand for the standard deviation of the window in the left and right images, respectively. Cov(x,x’) 

is their covariance. 

For a given point P in the real world, suppose its two corresponding points on the left and right image planes 

observed through camera centers CL and CR are denoted QL and QR, respectively. By incorporating the intrinsic camera 

parameters, the position of P can be reconstructed by using the similar triangles method (△PCLCR and △PQLQR), also 

known as the disparity [13]. 

The other facial data set is extracted from medical images of the patient; a preoperative CT was selected as the 

experimental material. The first outer contour of the head class can then be found by using a chain-code-based contour 

detection algorithm. The contour detection algorithm applied herein was obtained from the Intel OpenCV library [14]. 

The threshold value is manually selected by an iterative graphic user interface in this study; however, various advanced 

segmentation algorithms can be adopted to achieve an automatic segmentation.  

2.2 WAP-ICP Algorithm 

After the feature point extraction step, a registration algorithm is needed to register the two surface date sets. In such 

applications ICP has been widely used. However, it suffers from the mentioned local-minimum and outlier problems. In 

this study we propose a robustness-improved ICP algorithm named Weighted-and-Perturbed ICP (WAP-ICP). Figure 2 

shows its flowchart. Detailed steps are listed as follows: 
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Step 1. Set the CT data as the reference data A and the feature points extracted by stereo vision as the floating data B. 

Give the floating data an initial transform Tinit as a temporal best solution T. The transform comprises three rotation 

operations (Rx, Ry, RZ) and three translation operations (Tx, Ty, Tz). 

Step 2. Estimate a current transform T’ by ICP. At each iteration of ICP, we search the closest point ak from A to a point 

bk of B, i.e. d(ai,bi)=min{d(bi, A)}. We modify the cost function C of ICP by weighting the distance d(ai,bi), as shown in 

Eq. (2). 
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where wi is the weighting function according to the median of distances of all the corresponding points, defined by Eq. 

(3): 
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Step 3. If C is improved, the temporal best transform is set as the current transform, i.e. T = T’, and then go to step 4. 

Otherwise, move to step 5.  

Step 4. Perturb the temporal best transform T. The way that ICP reaches a local minimum acts as a gradient-descent 

approach. At each iteration of ICP, the cost function is evaluated at the current solution and then move along the 

direction of gradient to find the local minimum. In this study, we use a new perturbation strategy to escape from the trap 

of the current local minimum.  

Suppose the initial solution of ICP is T1 = (TX, TY, TZ, RX, RY, RZ) and the converged solution is T2. It means that 

ICP reaches T2 from T1 by exploring the range of |T1-T2|. Since the first step of ICP is to align the centers of two data 

sets, the translation elements do not affect the registration at all. Therefore, we only perturb the rotation elements. Each 

rotation element Ri of T2 is thus given a perturbation by adding a shift variable y, providing a chance to escape from the 

local-minimum trap. Let r denotes the move of the rotation element Ri from the initial solution to the converged solution, 

i.e. r = |
T2

Ri-
T1

Ri|. The shift variable y is thus generated according to a parabolic-curve probability density function, as 

shown in Eq. (4). As a result, the perturbed solution is then set as the initial transform Tinit, and move back to Step 2.  
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Step 5. Stop or repeat. If the cost function is not improved after n times of perturbations, we extend the searching range 

in Eq. (4) from 4r to 6r, 8r and 10r. When the searching range is extended to 10r and the solution is not improved 

anymore, we stop the algorithm. We set n = 5 herein. 
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Floating Data B Reference Data A

Accept Transform

T = T’
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Satisfy stopping 
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No

 

Fig. 2. The Flowchart of the WAP-ICP Algorithm. 
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3 Experimental Results 

To evaluate the performance of the proposed WAP-ICP algorithm, we compared it with the adaptive-ICP algorithm [7] 
and the random-ICP (R-ICP) algorithm [10] which not used for pre-registration on a plastic phantom as shown in Fig. 3 
(a). 

3.1 Registration Robustness Evaluation 

The CT surface data of the phantom were utilized to evaluate the robustness of the ICP-based algorithms. The whole 

CT surface, as shown in Fig. 5(b), was regarded as the reference data, and we randomly selected 100 points from the CT 

data as the floating data. The floating data were then transformed by applying a known transform T, which was 

generated randomly within a given range in three rotations. The WAP-ICP, adaptive-ICP and R-ICP were applied for 

the registration task. We performed the registration procedure 100 times at different rotation ranges, such as  ±5º, ±10º, 

±20º, ±25º, ±50º. Since the ground truth is known. In this study, a correct registration was considered when the root-

mean-square (RMS) < 2 mm.  

Figure 4 (a) shows the correct registration rate (CRR) in different rotation ranges. The result reveals that the CRR is 

similar when the rotation ranges is within ±5º and ±10º for all testing algorithms. While the rotation ranges increase, 

the results of the adaptive-ICP and R-ICP decreased dramatically. However, WAP-ICP shows only slightly decreased. 

In addition, we evaluated the robustness of WAP-ICP with noisy data. Similar to the previous procedure, but we 

randomly selected 20 points from the floating data and added a ±10 mm translational shift on each points as the noise 

data. As shown in Fig. 4 (b), WAP-ICP shows better performance in robustness than the other ICP-based algorithms 

even with noisy data.  

                 
            (a)                       (b)                       (c) 

Fig. 3. Plastic phantom for testing. (a) the phantom, (b) surface data extracted from CT images, (c) registration result by using WAP-
ICP 

3.2 Registration Accuracy Evaluation 

As shown in Fig. 3 (a), there are five skin markers attached to the phantom. The markers were attached before CT scans 
so that their locations could be determined from the CT images. These markers were considered as ground truth for the 
registration accuracy evaluation. Spatial registration error was evaluated by calculating the target registration error (TRE), 
which was defined as  

)( B

n

A

n PTPTRE   (5) 

The floating data herein was detected as the proposed framework. We selected 93 Harris corners as the floating data. 
Registration results are illustrated in Fig. 3 (c). The blues points and gold balls are the points cloud and the markers 
extracted from CT images, while red points and pink balls are detected from the stereo-vision system. Table I shows the 
TREs of the five targets.  

3.3 Augmented-Reality Display  

After performing the WAP-ICP registration, the medical images is integrated to the physical space of the patient. With 
the help of ARTOOLKIT [15], we integrated a moving camera and a known pattern for tracking the camera into our 
system, providing an immersive AR environment for doctors. Figure 5 (a) and (b) show the AR display results with a 
person by fusing three orthogonal planes of CT and the reconstructed facial surface of the person, respectively.  
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(a)                                (b) 

Fig. 4. Evaluation of ICP-based algorithms (a) CRR, (b) CRR with noisy floating data 

 

     

    (a)                  (b)      

Fig. 5. Medical AR display. (a) Three orthogonal CT planes, (b) ISO-surface of face.  

 

Table 1. Registration results evaluated by Target Registration Error (TRE) 

 T1 T2 T3 T4 T5 Run Time(s) 

Adaptive- 

ICP 
67.41 72.05 107.69 103.49 67.53 10 

R-ICP 42.51 50.69 66.09 45.90 51.16 28 

WAP-

ICP 
2.01 1.25 2.57 1.52 2.30 14 

4   Conclusion 

In this study, we propose a framework for image-patient registration by only using natural features. Without using any 

artificial markers or commercial digitizing devices, a pure stereo-vision system was designed to detect few feature 

points on the surface of patient in physical space. In addition, a robustness-improved ICP algorithm was proposed to 

deal with the image-patient registration problem. So far, the TREs of five testing markers are from 1.25 to 2.57 mm and 

may not be satisfied for surgical applications. We believe a more accurate stereo-vision reconstruction technique can 

help. Furthermore, we only evaluated the registration accuracy on a plastic phantom, a non-human or human test will be 

involved in our future works.  

 

Acknowledgments. This study is supported by the technology development program of Ministry of Economic Affairs, 

R.O.C (serial number: 98-EC-17-A-19-S1-035) 

References 

1. Lee J.-D., Huang C.-H. and Lee S.-T.: Improving stereotactic surgery using 3-D reconstruction. IEEE Eng. Med. Biol., vol. 21, 

no. 6, pp. 109--116 (2002) 

2. Hamming N.M., Daly M.J., Irish J.C., and Siewerdsen J.H.: Effect of fiducial configuration on target registration error in 

intraoperative cone-beam CT guidance of head and neck surgery. In: International Conference of the IEEE Engineering in 

Medicine and Biology Society (EMBC), pp. 3643--3648 (2008) 

3. Clements L.W., Chapman W.C., Dawant B.M., Galloway Jr. R.L. and Miga M.I.: Robust surface registration using salient 

anatomical features for image-guided liver surgery: Algorithm and validation. Med. Phys., vol. 35, no. 6, pp. 2528--2540 (2008) 

4. Krücker J., Xu S., Glossop N., Viswanathan A., Borgert J., Schulz H. and Wood B.J.: Electromagnetic tracking for thermal 

ablation and biopsy guidance: clinical evaluation of spatial accuracy. J. Vasc. Interv. Radiol., vol.18, no. 9, pp 1141--1150 (2007) 

39

Volume 12, No. 2 Australian Journal of Intelligent Information Processing Systems



5. Traub J., Sielhorst T., Heining S.-M., and Navab N.: Advanced display and visualization concepts for image guided surgery. 

Journal of Display Technology, vol. 4, no. 4, pp. 483--490 (2008) 

6. Besl P.J. and McKay N.D.: A method for registration of 3D shapes. IEEE Transactions on Pattern Analysis and Machine 

Intelligence, vol. 14, no. 2, pp. 239--256 (1992) 

7. Lee J.-D., Hsieh S.-S., Huang C.-H., Liu L.-C., Wu C.-T., Lee S.-T. and Chen J.-F.: An adaptive ICP registration for facial point 

data. In: International Conference on Pattern Recognition, vol. 4, pp. 20--24, 2006. 

8. Luo S., Wang Y., Liu Y. and Hu X.: Research on geomagnetic-matching technology based on improved ICP algorithm. In: 

IEEE International Conference on Robotics & Automation, pp.815--819 (2008) 

9. Penney G.P., Edwards P.J., King A.P., Blackall J.M., Batchelor P.G. and Hawkes D.G.: A Stochastic Iterative Closed Point 

Algorithm. Lecture Notes in Computer Science, vol. 2208, pp.762--769 (2001) 

10. Fieten L., Schmieder K., Engelhardt M., Pasalic L., Radermacher K. and Heger S.: Fast and accurate registration of cranial CT 

image with A-mode ultrasound. Computer Assisted Radiology and Surgery, vol.4, pp.225--237 (2009) 

11. Wiintel M. and Rofer T.: Feature-Based Registration of Range Images in Domestic Environments. Computer Vision and 

Graphics, pp. 648--654 (2006) 

12. Harris C. and Stephens M.: A Combined Corner and Edge Detector. In: 4th Alvey Vision Conference, pp. 147--151 (1988) 

13. Hartley R.I. and Zisserman A.: Multiple View Geometry in Computer Vision, Part II, Cambridge University Press (2004) 

14. OpenCV (Open Computer Vision Library), http://sourceforge.net/projects/opencvlibrary/ 

15. ARTOOLKIT 2002, http://www.washington.edu/ARTOOLKIT/ 

40

Volume 12, No. 2 Australian Journal of Intelligent Information Processing Systems



Improving the analysis of hydrofoils undergoing cavitation by using artificial 

neural networks 

Anne Gosset
1
, Vicente Díaz Casás

1
, Richard J. Duro

1
, and Fernando López Peña

1
, 

 
1 Integrated Group for Engineering Research, University of Coruña, Mendizábal s/n, E-15403 Ferrol, Spain 

{anne.gosset, vdiaz, richard, flop}@udc.es 

Abstract. This work presents a methodology that makes use of Artificial Neural Networks (ANN) as an instrument 

for enhancing the results obtained by low cost Computational Fluid Dynamic (CFD) tools when used in analyzing 

hydrofoils undergoing cavitation. At present, any accurate solution of this complex fluid dynamic problem requires 

the use of high level CFDs at an elevated computational cost. The results obtained by the proposed approximation 

present an accuracy level comparable to that obtained with advanced CFD simulations at much lower computational 

costs. To achieve this goal, a set of solutions obtained by using a high level CFD is used for training the ANNs and 

testing the results obtained by the proposed approximation.  

Keywords: Hydrofoils, Cavitation, Artificial Neural Networks, Computational Fluid Dynamics. 

1   Introduction 

Computational Fluid Dynamic (CFD) solvers are widely used today as an analysis or design tool in many different 

applications of practical interest, but in some cases the required computational cost associated with their use is very 

high. For this reason, a lot of effort is being spent on designing methodologies and strategies that can be used to reduce 

this cost.  

One example of these complex fluid dynamic problems is the design of hydrofoils susceptible of undergoing 

cavitation, as is the case in some high speed boats or in hydraulic machinery. A correct design under this circumstance 

is of primary importance because cavitation is a phenomenon that significantly affects the foil performance and, in 

addition, generates erosion and noise. The latter effects are due to the collapse of cloud vapor cavities in the vicinity of 

the foil surface. It is now widely accepted that CFDs constitute the most reliable method for capturing these 

phenomena. However, the main drawback of using CFDs when solving this type of problems is their high 

computational cost, which reduces their suitability when using them within optimization or design processes.  

In the present application we are going to focus on the effect of cavitation on hydrofoil performance. Consequently, 

we propose here the application of a combined CFD - ANN methodology as a computational tool to predict at a reduced 

cost the influence of cavitation on the foil lift and drag. The ANN needs to be trained with a large quantity of 

trustworthy data, and one of the main difficulties in the present application is to generate this data. In the case of 

cavitating foils, experiments are not only expensive and time-consuming, but they are also affected by scale effects that 

are difficult to account for. In addition there are no suitable results available in the literature for 2D cavitating foils; 

therefore it is generally more convenient to obtain the reference results for ANN training by using a high fidelity CFD 

model instead of performing experimental tests. In the present paper, this procedure is applied to the prediction of the 

influence of different forms of cavitation on the lift and drag of a hydrofoil. 

2   Proposed Approach 

The idea is to compute lift and drag forces by using a coarse mesh and a low-cost CFD model for cavitation, and then 

let the ANN make the corrections instead of running a full two-phase code including phase change and interface 

tracking. As a first stage, a sensitivity study is performed to determine the parameters of the reference two-phase 

simulations that will later be used to train the network. In these high-fidelity CFD simulations, cavitation modeling is 

based on a transport equation for the vapour volume fraction that is solved together with the continuity and momentum 

equations of flow. Two mass transfer models are incorporated as source terms in the continuity and vapour fraction 

equations to account for the creation and destruction of vapour respectively. The validation process relies mainly on the 

choice of the mass transfer model and the tuning of the empirical constants that appear in it. The later are not universal, 

and depend on the geometry and flow conditions. In the present case, they have been adjusted in order to have a vapour 

fraction field consistent with the pressure field. As far as flow modeling is concerned, Implicit Large Eddy Simulation 

(ILES) is used with a suitably fine mesh. In ILES, the effect of the unresolved turbulent scales on the largest ones is 

modeled by the dissipative behavior of the numerical schemes. This way, we can achieve a highly resolved and time 

accurate solution, preserving a reasonable computational cost. Finally, the interface between water and vapour is 

tracked using a Volume Of Fluid (VOF) method. This approach allows capturing the dynamics of the cavity that forms 
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on the suction side of the foil [1] and the time averaged lift and drag coefficients are expected to be predicted rather 

accurately. The simulations are performed here for one 2D foil geometry (NACA0015), with a mesh of 20,000 cells. 

The mass transfer model is based on the work of Sauer [2]. Depending on the flow conditions, the CPU time required 

for 1 second real flow time is between 330 and 480 hours.  

In the low cost simulations, cavitation is modeled through a barotropic equation of state which relates directly the 

density field to the pressure field. The water-vapour mixture is assumed to be perfectly homogeneous in each cell 

(¨Homogeneous Equilibrium Model¨) and a linear model is used for the compressibility of the mixture. The equation of 

state is injected in the continuity equation to produce a pressure equation that is solved in conjunction with the 

momentum equation. This method is computationally much cheaper than solving the transport equation for vapour. The 

computations are performed on a mesh of 4,500 cells, using a Reynolds Averaged Navier Stokes (RANS) model for 

turbulence (k- SST) and wall functions on the foil. The CPU cost for 1 second flow time is between 2 and 4 hours, 

which makes it two orders of magnitude lower than with the two phase solver. Both solvers are available in the 

OpenFoam


 open source CFD code, under the names cavitatingFoam and interPhaseChangeFoam.  

3   Numerical Experiments 

The predictions of the two solvers are compared for a 2D NACA0015 foil at an angle of attack  of 7 and a Reynolds 

number based on the chord length and the free stream velocity Re=6.5.10
5
. They are also confronted with the 

experimental results of Amronin et al. [3] for different values of the cavitation number  defined as: 

  
    
 

 
    

 
 . (1) 

(Pv being the vapour pressure and U the far field velocity). As expected, figure 1 shows that the evolution of Cl is 

better recovered with the high fidelity model: the plateau of constant Cl for   1 is qualitatively well predicted, while 

the lift decreases continuously with  in the low cost simulations. This is because the barotropic model does not allow 

capturing the dynamics of the vapour cavity in regimes of patch and unsteady sheet cavitation (see figure 3 for a 

mapping of cavitation regimes). At higher cavitation numbers, the periodic shedding of the cavity is such that the 

average lift coefficient is not overly affected by its presence. With the barotropic model, the cavity remains attached 

permanently, inducing a continuous drop of Cl as its size increases with decreasing . Although Cl is underpredicted by 

up to 20% with the two-phase solver at higher values of , we will consider these predictions as the reference values for 

training the ANN. In order to evaluate the capabilities of the ANN, the most important point is to reproduce the 

qualitative behavior of the coefficients with cavitation, not their absolute value. Once properly set, the network can 

always be run in the future with experimental values. This underestimation of the lift in cavitating conditions is a well-

known inaccuracy due to wall modeling. Only the full computation of the near-wall region would allow overcoming 

this problem, but the computational requirements are such that we cannot foresee this approach for the time being. 

Figure 2 shows that the drag coefficient is well predicted with the two-phase code, while with the barotropic model, it 

experiences a monotonic decrease as   increases. This is also due to the permanent attachment of the cavity on the foil.   

Now that the results have been qualitatively validated against experimental data, the network is trained with the CFD 

generated data for the NACA0015 foil at a Reynolds number Re=6.5.10
5
 in a large set of configurations. In figure 3, the 

conditions of the data set are presented on the mapping of cavitation regimes on a NACA0015 foil proposed by Effertz 

et al. [4]. It can be immediately seen that the wide range of conditions covers all possible cavitation regimes, from 

bubble to patch, partial sheet cavitation and quasi supercavitation, including no cavitation cases. The sample set 

includes a total of 29 cases. The low number of test cases is due to the fact that the two-phase simulations are very 

demanding in terms of CPU time: each of them requires 14 to 20 days of computation on 8 processors in parallel. 
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Fig. 1. Validation of Cl for the reference two-phase simulations (=7, Re=6.5.105). 



 

Fig. 2. Validation of Cd for the reference two-phase simulations. 

4   ANN Methodology and Results 

We have opted for a multi-layer feed-forward network with 4 neurons in the input layer (, , Cl, Cd) and 2 neurons 

in the output layer (Cl, Cd). The input force coefficients are the ones obtained using the barotropic solver, while the 

target coefficients are the ones from the two-phase simulations. Because of discontinuities in the evolution of the 

coefficients, we use two hidden layers, with 8 neurons in each one of them. This number turned out to be optimum for a 

good learning efficiency, avoiding overfitting. With such a small sample set, we easily encounter generalization 

problems during training. One solution is to apply early stopping, using part of the sample set as validation data to stop 

training before overfitting occurs. However, this forces us to sacrifice part of our data set for sake of controlling 

training, while we could make the most of it for training itself. Therefore, it was decided to use regularization methods 

to improve generalization. These methods involve modifying the performance function, which is normally chosen to be 

the sum of the squares of the network errors on the training set. Basically, a term is added, that consists in the mean of 

the sum of the squares of the network weights and biases. With this new performance function, the network turns out to 

have smaller weights and biases, and this induces a smoother response of the ANN and a lower tendency to overfit. The 

performance ratio quantifies the relative importance of the mean squared errors and the mean squared weights. 

Determining its optimum value is a delicate task because if this parameter is too large, overfitting might reappear, and if 

it is too small, the ANN does not fit the data adequately. For this reason, we turned towards automated regularization, 

where the parameters are automatically set. The most classical approach for that is the Bayesian framework [5], in 

which the weights and biases of the network are assumed to be random variables with specified distributions. The 

regularization parameters are related to the unknown variances associated to these distributions. This algorithm provides 

a measure of how many network parameters (weights and biases) are effectively used by the ANN. When this number 

of parameters converges to a constant value during training (as well as the sum squared error and the sum squared 

weights), it can be considered that training has converged. 
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Fig. 3. Mapping of cavitation regimes on a NACA0015 foil (Re=6.5.105 )[4] and data set used for training and testing the ANN. 



In the present case, the sample set is arbitrarily divided into a training set of 21 cases, and a test set of 8 cases. This 

arbitrary data division is performed several times to check the ANN performance in learning and testing with different 

sets of data. The results of one typical learning/testing process are shown hereafter. In general, the training converges 

after about 2000 iterations, and the final trained network uses about 40 parameters out of the total 130 weights and 

biases of the ANN. In figures 4 and 5, it can be immediately seen that the training for Cl and Cd has not suffered 

overfitting: the average error of Cl is reduced from 19% to 1.7%, and from 56% to 39% that of Cd. In case of overfitting, 

these values drop below 0.1% for the training set, but the generalization capabilities turn out to be very poor, with very 

large errors during the test phase. 

 

 

Fig. 4. Training and testing of the ANN for the lift coefficient. 
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Fig. 5. Training and testing of the ANN for the drag coefficient. 

It is worth noticing that the drag coefficient Cd is generally harder to calculate than the lift coefficient Cl, therefore 

the use of a cheaper CFD affects the precision on the calculates values of Cd more. In addition, being this coefficient 

smaller than Cl, the relative errors become still larger. In addition, in the present case, it can be observed that the 

learning algorithm has achieved good generalization properties (right hand side of figures 4 and 5): the correction of the 

coefficients allows reducing the average error from 16% to 3% for Cl, and from 35% to 8% for Cd. Repeating the 

training/testing process on several arbitrarily divided data samples shows that the algorithm is quite robust. However, 

the data division may occasionally be such that one region of the cavitation map is badly covered during training. We 

are currently generating more data samples to avoid this problem, and make the ANN independent of the data sample 

size. 



 

5   Conclusions 

In this paper, we present an ANN based procedure for the correction of the values of the lift and drag forces on a 

NACA0015 cavitating foil obtained by a low computational cost CFD. The ANN is trained on a selected set of highly 

accurate results obtained by using a high performance CFD. The low cost CFD simulations use coarse grids and a 

RANS solver for the main flow, and a barotropic equation of state as cavitation model. The high performance CFD uses 

an Implicit Large Eddy Simulation (ILES) model with a suitably fine mesh for the main flow plus a Volume of Fluid 

(VOF) method for cavitation. The ANN is a multi-layer feed-forward network with 4 neurons in the input layer (, , 

Cl, Cd) and 2 neurons in the output layer (Cl, Cd).  

Due to the small size of the data sample used, we have opted for automated regularization in order to improve the 

generalization of the learning algorithm. The use of an ANN correction in conjunction with a low cost CFD model 

permits reducing the computational time by about two orders of magnitude with respect to a full two-phase code. In 

addition, the training of the ANN requires less than one minute. After correction the average error for Cl is reduced 

from 19% to 1.7%, and from 56% to 39% for Cd. These accuracy levels are compatible with a CFD code having a 

slightly lower precision than the high accuracy one used for training at a fraction of the cost of the proposed approach. 
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