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Abstract. In this paper a new learning algorithm, Lever Training Machine 
(LTM), is presented for binary classification.  LTM is a supervised learning al-
gorithm and its main idea is inspired from a physics principle: Lever Principle.  
Figuratively, LTM involves rolling a hyper-plane around the convex hull of the 
target training set, and using the equilibrium position of the hyper-plane to de-
fine a decision surfaces.  In theory, the optimal goal of LTM is to maximize the 
correct rejection rate.  If the distribution of target set is convex, a set of such 
decision surfaces can be trained for exact discrimination without false alarm. 
Two mathematic experiments and the practical application of face detection 
confirm that LTM is an effective learning algorithm. 

1   Introduction 

Target detection is an important research field of computer vision especially with the 
specific subject, e.g. face detection and vehicle detection.  Actually, target detection is 
a binary classification problem, and the goal is to find a binary classifier.  Binary 
classifiers can be sorted into two categories: nonlinear and linear.  The nonlinear 
classifiers, such as neural network [1, 2], and nonlinear SVM [3, 4], are more power-
ful than linear classifier, but they’re computation expensive.  On the other hand, linear 
classifier is the most simple and fast one.  An individual linear classifier is weak, but 
a set of linear classifiers can be constructed to a piecewise linear classifier, which 
combines the advantage of both linear and nonlinear classifiers, and results in a not 
only fast but also powerful classifier. 

Fisher’s LDA [5], SVM [1], and MRC [6], are the examples of linear classifier.  
They train a linear classifier in some optimal manners.  The goal of LDA is to maxi-
mize the Mahalanobis distance of the target and non-target classes.  And the object of 
SVM is maximizing the margin between the two classes.  In the both algorithms, it’s 
assumed that the two classes are linearly separable and equally important [6].  How-
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ever, the assumptions are invalid in many applications.  M. Elad et al. have proposed 
MRC to overcome those limitations.  MRC exploits the property that the probability 
of target is substantially smaller than non-target; the property is common in many 
target detection issues.  And MRC processes nonlinearly separable classes with the 
idea of piecewise linear classifier.  But as pointed by M. Elad, even if MRC is used to 
deal with a convex target set, false alarm may exist in practice [6], because its optimal 
object only considers second moments with neglecting higher ones. 

LTM has been developed to pursue a linear classifier in a more direct and novel 
manner.  The idea of LTM is inspired from Lever Principle in physics.  Its optimal 
goal is to maximize the correct reject rate directly.  Given the training sets of target 
and non-target, LTM trains a decision hyper-plane stage by stage to separate the non-
target data as many as possible from the target set.  Prior the first training stage, LTM 
generates an initial hyper-plane randomly.  In each training stage, LTM aligns the 
hyper-plane to an advantageous position based on Lever Principle, where the hyper-
plane can distinguish more non-target data.  When the hyper-plane keeps the balance, 
the equilibrium hyper-plane is defined as the output linear classifier by LTM. 

If the distribution of target set is convex, a sequence of decision surfaces can be 
found by LTM to exactly discriminate the both training sets without false-alarm.  That 
is confirmed by two mathematic experiments and the practical application of front 
face detection.  Compared with other training algorithms of linear classifier, LTM has 
direct physical meaning and direct optimal goal.  It admits the high probability of 
non-target and is suitable to deal with nonlinearly separable classes. 

In the paper, section 2 describes the theory of LTM in detail.  Section 3 gives two 
mathematic experiments.  The application of LTM to face detection is presented in 
section 4.  The last section makes a conclusion with future perspectives. 

2   Lever Training Machine 

There are two concepts should be reviewed prior to present LTM: linear classifier and 
Lever Principle. 

2.1   Linear Classifier and Lever Principle 

Linear classifier is a simple and fast pattern classification approach.  It can be defined 
by the linear-threshold formula:  
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where d is the threshold and U is the unit projection vector.  A linear classifier can 
define a hyper-plane, of which U is the unit normal vector.  Likewise a hyper-plane 
corresponds to a linear classifier.  

Lever Principle is a basic physical law and Archimedes stated it vividly: “Give me 
a place to stand and I will move the earth”.  The product of a force F by its effort arm 
L is the moment of F:  

FLM ×=  (2) 
As demonstrated in Fig. 1, the movement state of the plane can be analyzed ac-

cording to Lever Principle.  Each force Fi that acts on the plane will generate a mo-
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ment Mi, where Mi = Li × Fi.  If ∑ =
=

N

i
iM

1
0 , the plane will keep the balance.  Other-

wise the plane will rotate, and the direction can be determined with the right-hand 

rule.  The normal vector U of the plane will change in the direction of UM
N

i
i ×⎟
⎠
⎞

⎜
⎝
⎛∑

=1

. 

 

Fig. 1. The forces acted on the plane yield a moment sum ||ΣM|| that determines the movement 
state of the plane 

The plane can be replaced by a hyper-plane and naturally Lever Principle is intro-
duced to high dimensional space, where the moment of a force is still defined by 
Formula 2.  With the high dimension extension, Lever Principle can be adapted to 
optimize a decision hyper-plane by LTM. 

2.2   Lever Training Machine 

LTM is a supervised learning algorithm.  Given the target training sets X = {xi} 
i=1,2,…M and the non-target training sets Y = {yi}  i=1,2,…N, the purpose of LTM is to find 
a decision hyper-plane to separate non-target data as many as possible from target set. 

LTM is designed for aligning an initial hyper-plane P0 to an optimal decision hy-
per-plane Popt by a serial of training stages.  In the training stage n, LTM modifies the 
hyper-plane Pn to a move advantageous position Pn+1, where Pn+1 can separate more 
non-target data from target set than Pn.  Generally, the dimension of data, e.g. face 
image data and car image data, is typically high, which means that the hyper-plane 
has high degree of freedom.  Therefore it is quite difficult to determine the advanta-
geous direction to rotate the hyper-plane.  Lever principle is adapted to address this 
issue. 

As shown in Fig. 2, P0 is generated randomly as the initial input, U is the unit nor-
mal vector of P0.  Then the fulcrum O of P0 is located by following:  

Step 1. For each xi∈X, calculate the projection value with formula 3: 
( ) Uxxv iipro ⋅=  (3) 

Step 2. Find the target data with the lowest projection values and those data are 
named as fulcrum data.  Denote the fulcrum data set as Xfulcrum = {xj

fulcrum}i=1,2…M′.  It 
satisfies Xfulcrum ⊂ X, and ∀xi∈Xfulcrum and ∀xj∈X-Xfulcrum, νpro(xi) ≤ νpro(xj).  r is de-

fined as the proportion factor, and M
M

X
X fulcrumr ′== .  It is less than 1.0 and usually 

set to 0.1 or less; 

Step 3. Calculate the mean vector of the fulcrum data: ∑=
′

=
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Fig. 2. Image 1 indicates how to locate the fulcrum O of the hyper-plane P0.  The integral pro-

jection histogram can be expressed as ( ) ( ){ }
X

vUOx,Xx|xvHis <⋅−∈= .  Image 2 shows how to 

calculate the force that is defined in formula 5. 

Step 4. Move C along reverse direction of U until all the target data reach the posi-
tive side of the hyper-plane (x−C)⋅U = 0, here we can move C farther to enhance the 
generalization ability of the classifier.  The final position of C is defined as the ful-
crum O.  Mathematically O is defined by:  

( )( )UgvMvCO min
propro +−−=  (4) 

where ( ){ }xvminv pro
Xx

min
pro

∈
=  and g is the generalization factor.  The generalization abil-

ity of LTM can be strengthened by augmenting g.  
After locating O, P0 is aligned to P0′ : (X−O)⋅U = 0 by moving it onto O.  Then the 

force acted on P0′ is determined by:  
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where, y∈Y and y⊥ is the vertical component of y-O to P0′ :  
( )( )UUO-y  y ⋅=⊥  (6) 

In LTM, all forces are generated by non-target data, so only non-target data influ-
ence the rotating direction of the hyper-plane.  The definition of force satisfies that the 
longer the y⊥ is, the weaker the force is, as the yellow arrows indicated in Fig. 3.  In 
formula 5, σ is named as distance-insensitivity factor.  And the larger it is, the more 
insensitive the power of force is to y⊥. 

The effort arm and the moment of a force can be calculated by formula 7 and formula 
8 respectively:  
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Fig. 3. Training a linear classifier with LTM.  P0 is the initial hyper-plane, and its fulcrum is 
located at O1.  It is moved onto O1 as P0′ indicated, and then rotated to P1 under the effect of 
forces.  The fulcrum of P1 is located at O2.  P1 is moved to O2 and rotated to P2.  The training is 
repeated until the hyper-plane keeps the balance, see PN. 

( ) ⊥= y-O-yy||  (7) 

( )yFyM(y) || ×=  (8) 

Then according to Lever Principle, the normal vector U will change in the direction 
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.  As shown in Fig. 3, the pose of P0′ is modified to P1 by updating U :  
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where δ, named as modification factor, is an empirical value.  If δ is too large, U will 
be over modified; if δ is too small, U will change very slowly.  Both cases will slow 
down the convergence rate of the training. 

Fig. 3 indicates the training process.  First P0 is generated randomly.  It is aligned 
to P1 in the first training stage, and then P1 is modified to P2 in the second training 
stages.  The training repeats until the moment sum deceases to zero.  As PN illustrated 
in Fig. 3, the hyper-plane keeps the balance, PN is the optimal hyper-plane Popt, it 
defines the optimal linear classifier.  The training process, as above described, can be 
summarized as below: 

Step 1. Generate initial hyper-plane P0: (x-O0)⋅U0 = 0 randomly; Set the stage num-
ber n to 0; 

Step 2. Find the fulcrum On+1 of Pn, and move Pn onto On+1, therefore Pn is updated 
to Pn′: (x-On+1)⋅Un = 0; 

Step 3. Calculate the forces acted on Pn′ by formula 5: Fi = F(yi), where i=1,2…n; 
Step 4. Calculate the moments of the forces by formula 8: Mi = M(Fi), where 

i=1,2…n; 
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Step 5. If 0
1

≠∑
=

N

i
iM , update Un to Un+1 by formula 9 and normalize its norm to 1, 

therefore get the new hyper-plane Pn+1: (x-On+1)⋅Un+1 = 0, then return to step 2 with 
increasing n by 1;  Otherwise end the training and output the optimal linear classifier 
defined by the equilibrium hyper-plane. 

The first linear classifier output by LTM is denoted as h1
opt(x).  In the case of the 

convex distribution of target set, if Y1
err = {y|h1

opt(y)=1,y∈Y} is not empty, Y-Y1
err is 

removed from the non-target training set.  And LTM is applied to the abridged data 
set for the second classifier h2

opt(y).  Then if Y2
err = {y|h2

opt(y)=1,y∈Y1
err} is not 

empty, Y1
err-Y

2
err is removed and LTM is applied again for the third classifier h3

opt(y).  
The application of LTM is repeated until there are no non-target data remained.  Fi-
nally a sequence of linear classifiers is yielded to construct a cascade classifier, which 
distinguishes all the non-target data. 

2.4   Lever Training Machine in Theory 

In this section, it’s proved that the update strategy of LTM ensures that RN is mono-
tonically increasing, therefore the final output classifier is a local optimal solution that 
maximizes RN. 

 
Fig. 4.  fT and fN are the probability density functions of target and non-target respectively;  RN

+ 
and RN

− is the increase and decrease parts of the correct rejection rates RN respectively with the 
decision line is rotated form Pn to Pn+1;  U n and U n+1 are the unit normal vector of Pn and Pn+1;  
∆U is the differential value where Un+1=Un+∆U;  l(O+y||) is the line from point O+y|| to Pn+1 and 
it is vertical to Pn;  y is a non-target sample;  y|| and y⊥ are the parallel and vertical components 
of y−O to Pn respectively 

As demonstrated in Fig. 4, in the training stage n Un is updated to Un+1 where 
Un+1=Un+∆U.  The differential value of RN is denoted as ∆ RN: 

( )
( )
∫=

∈∈ Pnz,zly
NN dyyfR∆  

(11) 

where fN is the non-target probability density function, l(z) is the line from point z to 
Pn+1and it is vertical to Pn. 

First we prove that ∆U⊥Un when ||∆U||−>0.  The angle between U n and U n+1, is 
denoted as θ, then according to cosine low, ||Un+1||

2=||Un||
2+||∆U||2-2||Un||||∆U||cosθ.  
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Because ||Un+1||=||Un||=1, cosθ =||∆U||/2.  Therefore when ||∆U||−>0, cosθ −>0 and 
θ=π/2.  So when ||∆U|| is small enough, it is approximative that ∆U⊥Un.  Then l(z) 
can be approximatively expressed as z+εUn�where ε∈[0,(−∆U)⋅(z−O)] and z∈Pn.  
And the non-target probability density on l(z) approximate to fN(z).  Therefore: 

( ) ( ) ( )∫ ⋅−≈
∈Pnz

NN dzzfO-zUR ∆∆  (12) 

Then we estimate fN with the method of Parzen window, and shoose Gaussian dis-
tribution as the smoothing function. Therefore: 
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 is the optimal direction that ensure 

∆RN>0.  Therefore: 

( )
||
i

N

i

y
yexpU ∑ ⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
−=

=

⊥

1 2

1
2

2

2
1

2 σπσ
δ∆  (15) 

where δ is a small positive value to ensure the assumption that ||∆U|| is small enough.  
The update rule defined by formula 15 equals to that defined by formula 9.  So the 
optimal object of LTM is to maximize the correct rejection rate, when Parzen window 
is used to estimate probability density and Gaussian distribution is chosen as smooth 
function. 

If 
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=0 then ∆RN=0, training is over and we get an optimal solu-

tion that maximizes RN.  The classifier output by LTM is not global optimal, it de-
pends upon the initial hyper-plane.  Although the drawback slows the classification 
speed, it doesn’t decrease the correct detection rate.  As long as the non-target data is 
outside the convex hull of the target set, a decision hyper-plane can be found to sepa-
rate it form the target set.  

3   Experiments 

The performance of LTM is evaluated in 2D and 3D Euclidean space respectively.  
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3.1   Experiment in 2D Space 

To illuminate the training process of LTM, the experiment in 2D space is conducted.  
The whole data area is an ellipse centered at point (0, 0) with an x-axis of 300 and a 
y-axis of 200; the target area is a circle centered at point (0, -100) with a radius of 
100.  200 points are sampled randomly at the target area as the target training set; 300 
points are sampled randomly at the non-target area as the non-target training set. 

 

Fig. 5. Training the first classifier with LTM.  The blue sparkle is the fulcrum, and yellow 
arrow stands for force.  The length of arrow varies directly proportional to the force. 

In the experiment, r, δ, and σ are set as 0.1, 0.003, and 120 respectively.  As shown 
in Fig. 5, the line is aligned to the balanced position stage by stage under the effect of 
forces. Fig. 5 (1) shows the line after the 1st training stage, and the norm of moment 
sum ||ΣM|| is 368.1; Fig. 5 (2) indicates the line after the 4th training step, and ||ΣM|| 
= 1124.9; Fig. 5 (3) shows the line after the 8th training stage, and ||ΣM|| = 2114.5; 
Fig. 5 (4) presents the line after the 27th training stage, ||ΣM|| is reduced to 0.0011, it 
is small enough and the training is ended.  The first trained classifier distinguishes 
62.0% of the non-target data.  

 

Fig. 6. Training a sequence of linear classifiers. A sequence of linear classifiers is yielded by 
LTM for exact discrimination. 
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As shown in Fig. 6 (1), the non-target data rejected by the first classifier is re-
moved.  LTM is applied to the abridged data set for the second classifier.  The second 
classifier distinguishes 14.7% of the non-target data.  Finally 7 classifiers are trained 
in turn for accurate discrimination without false alarm as indicated in Fig. 6 (2). 

3.2   Experiment in 3D Space 

The second experiment is performed in 3D space.  The whole data area is an ellipsoid 
centered at point (0, 0, 0) with an x-axis of 300, a y-axis of 400 and a z-axis of 500; 
the target area is a sphere centered at (0, -100, 0) with a radius of 100.  200 points are 
gathered at the target area as the target training set; 400 points are gathered at the non-
target area as the non-target training set. 

In this experiment, r, δ, and σ are set as same as the first experiment.  The first de-
cision plane trained by LTM distinguishes 53.5% of the non-target data; the first three 
decision plane trained by LTM reject 90.0% of the non-target data, as shown in Fig. 7 
(1); the first five decision planes output by LTM cut away 96.0% of the non-target 
data.  Totally LTM has trained 9 planes that separate all non-target data from target 
set as illustrated in Fig. 7 (2). 

 

Fig. 7. Training a set of decision planes in 3D space.  Finally 9 decision planes are found by 
LTM to separate target set from non-target set as shown in image 2. 

4   Application of LTM to Face Detection 

Face detection is an important topic in computer vision and in human computer inter-
action.  The task is locating and extracting face region from all kinds of background.  
It is an essential technology in face processing in terms of face recognition, tracking, 
pose estimation, as well as expression recognition [7].  Face detection is a challenging 
task for the great variance of light condition, 3-D pose, and expression etc [7].  Dif-
ferent methods, such as neural networks [2], Bayesian decision [8], SVM [4], MRC 
[6], and Adaboost [9], are used to address the issue of face detection. 

In the paper, LTM is applied to front face detection for a new attempt.  The train-
ing sets include a face set with 5412 front face images, and a non-face set with 23573 
non-face images.  The face set comes from two resources.  The first is the face train-
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ing set of MIT-CBCL [10], which has 2429 images.  And the second is the database 
for Viola’s face detector [9], 2983 front images are selected to our face set.  The non-
face set comes from the non-face test set of MIT-CBCL [10], which contains 23573 
non-face images. All of the images are scaled to 19×19 pixels. The size of training set 
has been doubled by adding the mirror image of each sample, so there are totally 
10824 face training data and 47146 non-face training data. 

 

Fig. 8. Some unit projection vectors of the linear classifiers trained by LTM 

Finally LTM yielded 209 linear classifiers.  Those classifiers separate all the non-
face training data from face training set.  Fig. 9 and Fig. 10 present some results of the 
face detection with our classifier.  Generally speaking, LTM works well in training a 
face detector. 

Interestingly, LTM has the ability of learning holistic features.  The unit projection vec-
tor of the classifier trained by LTM presents some kind of holistic feature of face, as indi-
cated in Fig. 8.  The projection vectors of the classifiers yielded earlier by LTM look like 
human faces, as the first row shown in Fig. 8, while the projection vectors of the classifiers 
yielded later by LTM represent the detail features and the noises of face images, as illus-
trated in the second row of Fig. 8.  These phenomena are similar to PCA and LDA. 

 

 
Fig. 9. Examples of face detection with LTM 

Fig. 10. Examples of face detection with LTM 
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5   Conclusion and Feature Work 
A new learning algorithm, LTM, is introduced in this paper.  LTM has direct physical 
meaning since it is derived from a well-known concept in physics: Lever Principle.  And 
its optimal goal is to maximize the correct rejection rate in theory.  If the distribution of 
target set is convex, a sequence of decision surfaces can be found to exactly discrimi-
nate the both sets without false-alarm.  That is confirmed by two mathematic experi-
ments and by the application of front face detection.  In the application of face detection, 
it performs well with satisfactory result and it illustrates that LTM has the ability of 
learning holistic features. 

However, LTM should be research further to perfect the theory and to promote the 
application.  One of the future works is on non-linear LTM.  LTM can’t deal with the 
case of concave distribution of target set.  The issue can be addressed by a nonlinear 
extension of LTM.  A promising way is to develop nonlinear LTM based on kernel 
method as the same in nonlinear SVM [3, 4], kernel LDA [11] and kernel PCA [12].  
Another future work is on the initial algorithm.  The linear classifier is not global 
optimal, this issue can be improved by modifying the generating algorithm of initial 
hyper-plane.  If the initial hyper-plane is near the global optimal position, it is highly 
likely that the initial hyper-plane will converge to the global optimal solution.  There-
fore a smarter algorithm should be developed to replace the random initial algorithm.  
The third future work is about the generalization ability.  As described in section 2.2, 
the generalization ability of LTM can be improved by increasing the generalization 
factor g.  However, if g is too large, false alarm will be caused even when the distri-
bution of target set is convex.  Therefore how to optimize g is another important issue. 
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