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Abstract. Evaluation of the spinal forces from kinematics data is very
complicated because it involves the handling of relationship between
kinematic variables and electromyography (EMG) responses, as well as
the relationship between EMG responses and the forces. A recurrent
fuzzy neural network (RFNN) model is proposed to establish the
kinematics-EMG-force relationship and model the dynamics of muscular
activities. The EMG signals are used as an intermediate output and are
fed back to the input layer. Since the EMG signal is a direct reflection of
muscular activities, the feedback of this model has a physical meaning.
It expresses the dynamics of muscular activities in a straightforward way
and takes advantage from the recurrent property. The trained model can
then have the forces predicted directly from kinematic variables while
bypassing the procedure of measuring EMG signals and avoiding the use
of biomechanics model. A learning algorithm is derived for the RFNN.

1 Introduction

The loads on the lumbar spine during manual lifting are very useful in judging if
such a task is risky. Studying the forces applied to the lumbar spine is fundamen-
tal to the understanding of low back injury [1]. Biomechanical models are often
used to obtain the forces applied to the lumbar spine from the measured elec-
tromyographic responses of trunk muscles during the lifting motions. The EMG
signals are measured because they directly reflect the muscular activities [2].
However, the measuring of EMG signals is costly and the use of biomechanical
models is time consuming.

EMG signals are also related to the kinematic characteristics in the motion.
The kinematic variables (with other auxiliary variables) can be used to evaluate
the EMG signals generated in the muscles during the motion [8][9]. Thus we
may be able to connect the spinal forces with kinematic variables through EMG
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signals. We want to develop a model that can express the kinematics-EMG-
force relationship and predict forces on lumbar spine without the procedure of
measuring EMG signals and the use of biomechanics model.

To Evaluate the dynamic forces on lumbar spine we build a recurrent fuzzy
neural network model. There are several ways to provide feedback connections.
In {13] and {14}, the output of each membership function is fed back to itself
to achieve the recurrent property. However, the fuzzy rules obtained from the
model can not offer a clear understanding to the system. In the premise of
the rules, the inputs are combined with the feedback of the outputs of their own
membership functions. The rules become hard to understand and not meaningful
in explaining the behavior of the system. The only function of the feedback is
to add a memory element to the model.

In [15] and [16], the output of all rule nodes, the firing strength, is fed back. It
serves as an internal variable. The rules generated by the model have a form like:

IF the ezternal variables (at t) are A and the internal variables (at t) are
B, THEN the outputs (at t+1) are C and the internal variables (at t+1) are D.

A, B,C, D are fuzzy sets in the above rule.

Although the internal variables play a role in the fuzzy rules and contribute to
the model, it is not useful to us in understanding the system under consideration.
‘What we attempt to know is the relationship between the input and output of
the system.

In [17] and [18], the final output of the network is fed back to the input layer.

In [17], the feedback is multiplied with the external inputs of the model. Thus,
the inputs of the first layer becomes:

net! = Hx,! cwei - YAt — 1) (1)
o

where z} is the external input; w,; are the weights of the feedback connections;
y4(t — 1) is the output of the model at t — 1; o is the number of outputs. As we
can see, the rules obtained from the model also lose their clear physical meaning.
In [18], the feedback of the outputs is not combined with other signals. It is fed

to the input layer as regular input variables. However, the membership functions
used for the feedback connections are of this form:

p=ezp(~(w-y3(t - 1))*), 2)

where w denotes the weights of the feedback connections. Formula (2) is actually
a Gaussian membership function centered at zero with one adjustable parameter
of width. The advantages of doing so are that the network has less parameters
and the update rules for the tuning parameters are easier to calculate. However,
setting all the feedback membership functions’ centers as a fixed value of zero
may decrease the effectiveness of the feedback variables.

In our model, we use the EMG signals as an intermediate output and feed
them back to the input layer. By doing that, more information (EMG) was
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provided to the model and the feedback of the intermediate output has a phys-
ical meaning (the direct relationship of EMG-force). This reflects the dynamics
of the system in a clear and straightforward way. At the same time, the ad-
vantages of recurrent property is utilized. The rules generated from the model
can be easily interpreted and can help us understand the muscular activities
better.

2 Model Construction

We come up with a recurrent fuzzy neural network model which takes the kine-
matics data and EMG data at time ¢ and evaluates the spinal forces and EMG
signals at time ¢ + 1. The EMG signals of ten trunk muscles are scaled and
delayed before they are fed back to the input layer. The delay of EMG is used
to represent the muscular activation dynamic properties. The interaction be-
tween muscles influences the EMG and the forces on the spine. By presenting
the previous EMG to the input, we hope the modle can take such interaction
into account. The proposed system structure is shown in Figure 1. As we can see
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Fig. 1. The proposed recurrent fuzzy neural network structure (Z~* is a unit delay
operator and S is a scale operator)

in Figure 1, the direct physical relationships (kinematics-EMG and EMG-force)
reside in the model. Three forces on the lumbar spine and ten EMG signals of
trunk muscles are the model outputs. T'welve kinematic variables and ten EMG
feedback signals are the model inputs.

The function of each layer in Figure 1 is described as follows:

Layer 1 is the input layer. It includes two parts. One is the kinematic variables
and the other one is the feedback of EMG signals. They are passed to the second
layer.
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For external inputs,
¥ =z, 3)
1=1,2,..., N1, where N1 stands for the twelve kinematic variables.
For the internal (feedback) inputs,

W = 40— 1) @

y,(:)(t —1) is the kth output of layer 4 at time (¢ — 1), denoting the EMG
feedback. i =Ny +1,N1+2,..., N, and N = N; + N,, where N; stands for the
number of EMG feedback signals.

Layer 2 is the input fuzzification layer, which represents linguistic sets in
antecedent fuzzy membership functions. Each neuron describes a membership
function and encodes the center and width of membership functions. The out-
put of this layer is the degree of membership of each input:

For external inputs, the following Gaussian membership function is used:

@ ( )

— Mij
yz] —CIp( ( s

2
) )
i=1,2,..,N1,j=1,2,...,M, where M is the number of rules.

For the internal inputs, the following sigmoid membership function is used:

( )
m;
up = eap(~(L0)7) (6)
9ij
i=N+1,N+2,..,Nand j=1,2,..., M.

Layer 3 computes the firing strength. Nodes in this layer perform the product
operation. The links establish the antecedent relation with an “AND” operation
for each fuzzy set combination (both the external input and the feedback). The
output of this layer is the firing strength of each fuzzy rule:

N ( )
y; — My m.
Y = Hy“’ Hezp( GE—E [T emn-(E—2)%) ()
i=1 i=1 i=N;+1 Tij
where j =1,2,..., M.
Layer 4 is the defuzzification layer. The output of this layer is the overall

output:
Zw,ky,‘”(z Yy ®)

k=1,2,...,K, where K is the number of outputs.

This is a fuzzy system model with learning capabilities. It uses a singleton to
represent the output fuzzy set of each fuzzy rule. The product operator instead
of minimum operator is used for the calculation of the firing strength because
the calculation of the partial derivatives is easier for the product operator.
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The rules generated for the above model are in such form:
the jth rule:

IF Kine,(t) is Haj and ... and Kine(Nl)(t) is H(N1);

and EMG,(t) is fi;; and ... and EMG(n2)(t) is 2y

THEN Force,(t+ 1) is Oy; and ... and Forcegi(t + 1) is O(k1);
and EMG1(t + 1) is }’1,‘ and ... and EMG(Ng)(t + 1) is Y(Ng)j

where pi; (i = 1,2,..,N1;5 = 1,2,...,M) are fuzzy sets of Kine; (the ith
kinematic variable). ;; (i1 =1,2,...,N2;j =1,2,..., M) are fuzzy sets of EMG;.
Ok; (k =1,2,..., K1) are the output singletons for forces. Yy; (k =1,2,...,N2)
are the output singletons for EMG signals.

The forces predicted for time ¢ + 1 depend on not only the inputs at time
t, but also the predicted EMG at time ¢, which again depend on the previous
inputs. This is a dynamic approach that can represent the dynamic properties
of the forces better than a feedforward network.

The above rules represent the relationships between kinematic variables,

EMG signals and forces. They can be decomposed into three subsets of fuzzy
rules as follows.

The Kinematics-EMG relationship:
IF Kine, is p1; and ... and Kine(yyy is p(n1);
THEN EMG, is Y1 and ... and EMG(n2) is Y(n2);

The EMG-Force relationship:
IF EMG1 is ﬂlj and ... and EMG(NZ) is ﬂ(Ng)j
THEN Forcel is Olj and ... and FO’I‘CGKX is O(Kl)j

The Kinematics-Force relationship:
IF Kz'nel is H1j and ... and Kine(Nl) is K(N1)j
THEN Force; is Oy and ... and Forcek: is O(ky);

These Kinematics-EMG-Force relationships are knowledge we would like to
find out.

2.1 Structure Adaptation and Parameter Tuning

During the training process, both the premise and the consequence parameters
are tuned simultaneously. This approach involves two phases, structure adapta-
tion and parameter tuning. The fuzzy rules are created and tuned based on the
training data.

At first, the rule base contains only one rule defined by the first input-output
data pair. Then Additional rules are created during the training process using
other input-output pairs. When the new training pattern does not excite any of
the existing fuzzy rules, a new fuzzy rule should be created. If the firing strength
S. > B, then the rule base is unchanged and perform the gradient training to
match the new sample pair. If the firing strength S, < 3, then a new rule is
created. 3 is a threshold defined as the least acceptable degree of excitation of
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the existing rule base. It is important that this predefined threshold should decay
during the learning process. Otherwise new rules may continually be added to
the model.

The free parameters (the membership functions of the external variables, the
membership functions of the internal variables, and the weights of the conse-
quence singleton) in the fuzzy inference mechanism are then tuned after new rules
are created. Parameter tuning is carried out simultaneously with the structure
adaptation. The ordered derivative [19] is used to derive the learning algorithm.

The error function to be minimized is

K
B+1)=3 Y ct+1 =3 Z(dk(t+ D-yPe+1)? (@)
k=1 k=1

where di(t + 1) is the target and y, )(t + 1) is the output of the model (the
output of layer 4).

The update rule for the output singleton wy; (the weights of the connections
between layer 3 and layer 4) is

BE(t+1
w6+ 1) = wes(9) —n 2 ) (10)
T
where @)
8E(t+1) _9E(t+1) oy (1)l 1)
Bwi; 3yt Ow $ ®
4 2

The centers of the membership functions of external variables are m.;. The
update rule is

AE(t+1)
mi;(t + 1) = my;(t) — L~ (12)
where (3) x @)
0E(t+1) _ 8E(t+1)dy 6y
om;; 3y§3) Bm = Ze(t +1)-D- (13)
in which D is defined as follows for notation s1mphcxty
(4)
D= ('u)kj (t+1)) (14)
Z (3
Jj=1
From formula 7 we get
Ny (1) 2 N (4)
(y; " (t) = m4j) (yi ™ (&) — ij)?
O L e S D
i=1 i i=Ny1+1 ij

in which y; ®)(t) again depends on m;.
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Then the derivative can be written as

LM d awW)
=Y; B- 16
By = (= 2 B-50) )

where A; and B are defined as

(1)
A= —(———(?2—7”’) a7

L

B = 207() )

av(‘)
Finally a recursive function is obtained for —1—
oy () ) MW—)
B (-1 - Z Bit-1)-——)  (19)

i=Ni+1

The update rules for other parameters (oj, ;, 6i;) are omitted here. The
@ ) (@ 0
initial values of ay (t), a;;%(t)’ 6gm (Jt) and a’g&‘_ft) are set to zero.
All the parameters are tuned during the training process when new data
pairs are presented to the network.

3 Simulations and Results

This section shows the results and the performance of the proposed model. We
evaluated the performance of the proposed recurrent fuzzy neural network with
two kinds of data. One is the sagittal symmetric motions, while the other one is
unsymmetrical motions. To make the results comparable, similar task variables
are selected for these two motions. Both motions are done with two hands and
controlled placement. The lift frequency is 2 lifts/min; the weight of object is 25
Ibs; the origin height is 60 cm; the origin distance is 45; the destination height
is 105 c¢m; and the destination distance is 55 cm.

For the sagittal symmetric motions, 720 training patterns are used. The learn-
ing rate of the parameters of feedback connections (vh;; and ;) is 7 = 0.02.
The learning rate for other parameters (my;, o;; and wa) is 7 = 0.01. The initial
threshold g for firing strength is set as 0.2.

As stated above, the learning rates for the parameters of external inputs
(kinematic variables) and for the parameters of internal inputs (EMG feedback)
are different. Since the initial values of parameters of internal inputs are small
random values while the initial values of parameters of external inputs are good
values with physical meaning, the convergence of the latter is faster than the
convergence of the former. Figure 2 was obtained after 200 epoches. In this
figure, both the forces and the EMG signals are predicted well, which means the
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Fig. 2. Output after 200 training epoches (the first 10 are EMG signals, the last three
are forces). (A) RLD, (B) LLD, (C) RES, (D) LES, (E) RRA, (F) LRA, (G) REO, (H)
LEO, (I) RIO, (J) LIO, (K) Lateral shear force, (L) A-P shear force, and (M) spinal
‘compression

parameters of both the external inputs and the feedback are well trained after
200 epoches.
The rules obtained are of the following form:

IF Kine, (t) is 14(0.443, 0.832) and Kines(t) is 12(0.521,1.334) and Kines(t) is
14(0.714,1.587) and Kine,(t) is js(—1.654,1.583) and Kines(t) is 4(0.476,1.011)
and K'ineg(t) is p2(—0.803, 1.486) and Kines(t) is p(—1.770,2.118) and Kines(t)
is 12(0.746,1.342) and Kineo(t) is 12(0.833, 1.535) and Kinejo(t) is 12(0.493, 1.566)
and Kiney; (t) is £(—0.017,1.833) and Kineja(t) is u(—0.387,1.322)

and EMG; (t) is 12(0.025,1.258) and EMG,(t) is u(0.025, 1.259) and EMGs(t)
is 12(0.006, 0.992) and EMG,(t) is 11(0.005,0.074) and EMGs(2) is (0.023, 1.249)
and EMGy(t) is 2(0.025, 1.259) and EM Gy () is 12(0.029,1.263) and EM Gg(t) is
14(0.019,1.266) and EMGy(t) is 12(0.009, 0.805) and EM G1(t) is 12(0.104, 1.246)

THEN Force; (¢t + 1) is 0.443 and Forcez(t + 1) is 0.559 and Forces(t + 1)
is 0.758

and EMGy(t + 1) is 0.033 and EMG,(t + 1) is 0.120 and EMG3(t + 1) is
0.267 and EMG4(t +1) is 0.318 and EMGs(t +1) is 0.055 and EMGg(t+1) is
0.057 and EMGr(t+1) is 0.061 and EMGg(t +1) is 0.044 and EMGo(t+1) is
0.218 and EMGo(t + 1) is 0.102

We also can decompose the above fuzzy rule into three subsets as we did
previously to understand the system better.
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4 Conclusions

A spinal force prediction model was developed using a recurrent fuzzy neural
network. The EMG feedback represents the muscular activation dynamics bet-
ter. At the same time, it brings more information to the model and utilizes the
advantages of recurrent properties. The model predicts forces directly from kine-
matics data, avoiding EMG measurements and the use of biomechanics model.
EMG signals are obtained as byproduct. It can help us understand the rela-
tionships between kinematic variables and EMG signals and spinal forces. An
adaptive learning algorithm is derived for the recurrent fuzzy neural network.
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