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Abstract—This paper investigates deteriorations in knee and 
ankle dynamics during running. Changes in lower limb 
accelerations are analyzed by a wearable musculo-skeletal 
monitoring system. The system employs a machine learning 
technique to classify joint stiffness. A maximum-entropy-
rate method is developed to select the most relevant 
features. Experimental results demonstrate that distance 
travelled and energy expended can be estimated from 
observed changes in knee and ankle motions during 5 km 
runs.   

Index Terms— Fatigue, knee and ankle stability, maximum 
entropy rate feature selection, running  

I. INTRODUCTION
USCLE fatigue is commonly defined as a reduced ability 
to maintain force or power output during prolonged 
physical activity. Disturbances in the concentrations of 

muscle lactate, hydrogen, potassium and calcium ions are 
linked with fatigue [1]. Fatigue is also associated with a 
reduction in the metabolic uptake of oxygen by muscle cells 
during prolonged exercise. Fatigue monitoring is important for 
three reasons. In fatigue management, sportspeople may need 
to be rested and revitalized to maximize performance. Second, 
to aid injury prevention as tendon and muscle functions become 
impaired with overuse. Apart from subjective feelings of 
soreness and tiredness, continuing sporting activities during 
fatigue can adversely affect lower limb abilities to absorb shock 
and to maintain joint stability. Compromised joint stability can 
in turn increase the likelihood of strains, sprains, stress fractures 
and falls. Third, to diagnose post-injury rehabilitation. 
Objective indicators of joint stability can provide information 
about the efficacy of support measures (e.g., taping, 
strengthening, conditioning) and for monitoring recovery. 

For example, a video motion analysis of competitive 
runners during a 5 km road race [2] found that deterioration in 
running technique (i.e., reductions in step length and cadence) 
can occur from 2.4 km. A biomechanical analysis of fatigue-
related foot injury mechanisms appears in [3] with an observed 
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fatigue of the peroneus longus, pre-tibial and triceps surae 
muscles attributed to a deterioration in foot stability and 
increased vulnerability to ankle sprains. Magnetic resonance 
imaging has been used to monitor the healing of a runner that 
had suffered a sacral fatigue-type fracture [4]. 

Musculo-skeleto monitoring systems have been developed 
for squat and leg extension exercises [5] - [9], cycling [8] - [11], 
walking [3] and running [2], [12] - [24]. Fatigue patterns were 
characterized in [5] as the drop of instantaneous median 
frequency of electromyographic (EMG) signals for vastus 
lateralis, rectus femoris, vastus medialis and biceps femoris 
muscles during squats. This lent support to existing theories of 
muscle compensatory functions in patients with anterior 
cruciate ligament (ACL) deficiency. The instantaneous mean 
frequency of surface EMG signals for the same muscle group 
has been used to diagnose fatiguing contractions [6]. The mean 
frequency of EMG amplitude spectra for dumbbell biceps curls, 
dumbbell lateral rises and squats was analyzed in [7]. It reported 
a decreased average mean frequency as muscles becomes 
weaker due to the reduced conduction velocity of muscle fibres. 
Fatigue can be estimated by observing kinematic changes in 
squat exercises from optical motion capture data and correlated 
with individuals’ subjective assessments [8]. Changes in EMG 
median frequencies for cyclists’ biceps femoris and 
gastrocnemius muscles have also been discussed in [8], [11]. 
The authors of [9] studied squat kinematics using a ten-camera 
motion analysis system. They showed that exhausting exercise 
produced kinematic changes at the trunk and pelvis. A running 
modeling study [13] suggested that muscle fatigue should not 
significantly change ground reaction force peaks which may 
increase the level of soft-tissue vibrations. An assessment of 
inertial measurement units for monitoring runners is detailed in 
[14]. Treadmill runners exhibited lowered step frequency as 
they fatigued, whereas outdoor track runners decreased their 
movement efficiency. A study into the impact of running 
velocity during treadmill running [15] suggested that horizontal 
and vertical force production could diagnose an athlete’s 
strengths and weaknesses. Volunteers equipped with eight joint 
reflective markers were filmed running on a treadmill until 
exhaustion in [16]. It was observed that ankle range of motions, 
maximal knee flexion during stance, maximal knee flexion 
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during swing, and knee range of motion all increased at the end 
the run. Plantarflexion, ankle inversion and eversion were 
observed to increase in a comparable running experiment [17]. 
It is mentioned in [18] that fatigue may cause muscle 
imbalances and alteration of joint stability. The paper [18] also 
reported increased angular velocities of knee flexion and ankle 
flexion after prolonged running. A study of runners [19] found 
that increased average hip excursion and knee flexion occur 
during fatigue. Tests with runners on a treadmill [20] concluded 
that decreases in muscle strength of knee extensors and flexors 
occur before and after foot impact. The foot motion of runners 
equipped with shoe-based inertial measurement units is 
analyzed in [21]. It emerged that the range of foot motion in the 
sagittal plane increased in the final phases of 10-km-long 
running races. The authors of [22] used a six-camera motion 
analysis system to test runners. They recommended balanced 
training to reduce peak valgus and internal rotation moments to 
lower anterior cruciate ligament injury risk. It is similarly noted 
in [23] - [24] that a gradual increase in knee flexion at heel 
strike occurs during running. 

The developments described herein seek to assist with 
detecting the onset of fatigue. A wearable musculo-skeleto 
monitoring system is described that differs from the approaches 
in [2] - [24]. The developed system includes a number of sensor 
modules which can be worn within pockets of Velcro straps or 
sports garments. The sensor modules have a triaxial 
accelerometer (MMA7260QT) having a sensitivity of 2 g, a 3.6 
V, 240 mAh battery that is sufficient to support several hours 
of data logging and Wifi communications. The sensors were 
programmed to store accelerometer measurements during 
running and transfer the data to an external computer using a 
CP2102 UART interface, see [25], [26]. A photo of the sensor 
module is shown in Fig. 1. 

Fig. 1. Photo of the sensor module. 

It is desired to calculate bio-mechanical features from the 
sensor data for classifying the onset of fatigue. However, two 
ambiguities require to be overcome: 

(1) The features reported in [2] – [24] have different
statistical significance; and 

(2) The comparative evaluation of features within [27] –
[30] can involve a high calculation cost.

The variation in feature significance within [2] – [24] is
probably due to individuals having subtly different running 

styles, depending on anatomical variations, training and injury 
histories. Some runners have close to symmetrical lower limbs 
and normal arches of the foot, whereas others may have 
tendencies to over pronate or supinate. While sprinters seek to 
maximize power output, endurance athletes are more concerned 
with maintaining an efficient running style.  

Since irrelevant features degrade classification accuracy 
and increase calculation cost, a large number of feature 
selection techniques have been developed, see the surveys [27] 
– [30]. Measures for comparing feature subsets include Pearson
correlation, mutual entropy, cross entropy, information gain 
and Kullback-Leibler divergence [27] – [30]. The computation
cost of evaluating such measures for each 2n – 1 combination of
n features can be prohibitive.

The above ambiguities are resolved by assembling a vector 
of candidate features and employing a machine learning 
technique to select the best-performing ones. Calculating the 
first three sample moments (variance, skewness and kurtosis) 
of knee and ankle triaxial accelerometer data results in n = 18 
candidate features. A maximum-entropy-rate feature selection 
procedure is developed which departs from those reviewed in 
[27] – [30]. To minimize calculation cost, the features are
ranked individually and the maximum average per-feature
entropy over n – 1 subsets is found. The selected features are
employed within a weighted-minimum-distance classifier. This 
enables a runner’s on-line measurements to be classified against
previously-recorded data for estimating their distance travelled 
and energy expended.  

The developments described herein are confined to 
estimating a recreational runner’s level of fatigue. An open 
problem that remains is predicting the risks of injuries 
corresponding to observed levels of fatigue. It may be possible 
in the future to extend the developed method to include higher-
order sample moments, additional sensors, professional 
athletes, different age groups, and other activities such as 
walking, cycling and swimming.  

The remainder of this paper is organized as follows. The 
data collection method and estimation of runners’ energy 
expenditure are described in Sections IIA and IIB, respectively. 
Second IIC discusses the use of statistical moments for 
monitoring variations in knee and ankle motions. An optimal 
filter for removing noise in moment measurements is set out in 
Section IID. Section IIE describes the main contribution of the 
paper, namely, a maximum-entropy-rate feature selection 
procedure. This procedure can identify the subset of features 
whose associated classification probabilities are approximately 
equal. A maximum-entropy-rate feature subset and probability 
distribution vector subset are employed in a weighted-
minimum-distance classifier which is discussed in Section IIF. 
Some experimental results are presented in Section III. It is 
demonstrated that a runner’s distance travelled and energy 
expenditure can be estimated with 15% average classification 
error. The conclusion follows in Section IV. 



3

II. DATA COLLECTION AND ANALYSIS METHOD
A. Data Collection Method

Three of the authors volunteered to run laps around a
grassy oval whilst wearing accelerometer sensors during a 
summer at Griffith University. The runners’ gender, age, 
weight, height and body mass index (BMI) attributes are 
summarized in Table I. 

The running took place during a summer in which the 
temperature varied from 23 to 36o C and the humidity ranged 
from 65 to 75%. To minimise the risk of dehydration and heat 
stress, the runners stopped for several seconds after each lap for 
a drink of water. This work was conducted under a code for the 
responsible conduct of research (Ethics Approval 
ENG/20/13/HREC). 

Triaxial accelerometer measurements were recorded using 
the wireless sensors described in [25], [26]. Two accelerometer 
sensors, denoted by 1 and 2, were worn on the lateral sides of 
the right knee and right ankle, respectively. Axes 1, 2 and 3 
denote accelerations in the X (mediolateral or left-right), Y 
(superior-inferior or up-down), and Z (anterior-posterior or 
forward-backward) directions, respectively. The three-axis 
accelerometer data were sampled at 100 Hz.  

B. Energy Expenditure
The Griffith University oval perimeter was measured to be

0.455 km using a GPS-Glonass receiver. The researchers ran 11 
laps, i.e., 5 km. The duration of the 5-km-long runs were 
typically about 25 minutes. It is well known that a low-intensity 
warm-up can boost muscle coordination and cardiovascular 
efficiency. However, the runners did not perform any warm-up 
exercises (in order to minimise time under the sun).  

The measurements were segmented into N subintervals. 
The accumulated kinetic energy expenditure after the kth 
subinterval is estimated as 2

1
0.5k

i
i

mv
 , in which m is the 

runner’s weight (from Table 1) and iv  is their observed 
average speed over subinterval i. The kinetic energies expended 
by runners 1 – 3 are plotted in Fig. 2. A fatigue index can be 
calculated from expended energies. For example, from the 
difference between maximal and minimal power output, and 
from the rate of decline in power output [31]. As shown in the 
figure, our runners did not decrease their speed and so a fatigue 
index can instead be defined as the fraction of accumulated 
kinetic energy expenditure during a run, i.e., 

1
2 2

1 1
0.5 0.5 100%k N

i i
i i

mv mv


 
         .   (1) 

The machine learning system developed in the following 
involves a training step and a classification step. In the training 
step, an individual is required to run two or more times, during 
which features are calculated from accelerometer data and 
recorded. In the classification step, the individual runs again, 
and their on-line accelerometer features are compared with 
previous data to estimate their (time-varying) subinterval. Their 
estimated subinterval can be cross-referenced against their 
energy expenditure (from Fig. 2) or a fatigue index such as (1). 

Fig. 2. Accumulated kinetic energy expenditure by Runners 1 -  3. 

C. Statistical Moments
Let ( , ){ }i j

kE Z  denote the mean of the set of measurements
( , )i j
kZ  from accelerometer i along axis j within subinterval k, in 

which E{.} is the expectation operator. Three statistical 
moments, namely, the sample variance ( , ) 2( )i j

k = ( , ){( i j
kE Z – 

( , ) 2{ }) }i j
kE Z , sample skewness ( , )i j

k  =  ( , )(( i j
kE Z  – 

( , ) ( , ) 3{ }) ) }i j i j
k kE Z   and sample kurtosis ( , )i j

k  =  ( , )(( i j
kE Z  – 

( , ) ( , ) 4{ }) ) }i j i j
k kE Z    were calculated for each subinterval. 

Fig. 3. Example ankle and knee acceleration sensor outputs along the superior-
inferior or up-down direction during a gait cycle for Runners 1, 2 and 3. The 
dotted and solid lines correspond to Laps 1 and 11, respectively. 

TABLE I 
RUNNERS’ PHYSICAL ATTRIBUTES 

Runner Gender Age Weight Height BMI 
1 male 59 y 90 kg 1.8 m 29 
2 female 27 y 52 kg 1.63 m 20 
3 male 31 y 77 kg 1.74 m 25 
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It was observed for the above-mentioned runners that 
several moment trajectories exhibited decreasing or increasing 
trends with energy expended during the run. For example, for 
Runner 1, it was observed that: (a) ankle acceleration variances 
along axes 1 - 3 increased; and (b) knee acceleration variances 
along axes 2 - 3 increased. Observation (a) suggests that 
increased movement occurs in ankles during running-induced 
fatigue. This is attributed to fatigued muscles and tendons in the 
foot losing their ability to cushion shock. Some example 
superior-inferior ankle and knee accelerations during Lap 1 and 
Lap 11 are shown in Fig. 3. The ankle acceleration peaks at mid-
stance correspond to active muscle forces. The peaks in the first 
quarter of the gait cycle correspond to the absorption of ground 
contact force, which are seen to be larger during the final lap. 
Observation (b) is attributed to increased knee flexion and 
transfer of impact shock increasing during fatigue – as 
illustrated by the knee acceleration peaks at mid-stance. 

D. Filtering of Moments
As mentioned above, biomechanical features having

different statistical significance are reported in [2] – [24]. 
Therefore, the above three sample moments were calculated for 
all six accelerometer signals, which yielded an 18-element 
candidate feature vector 

(1,1) 2 (1,2) 2 (1,3) 2[( ) , ( ) , ( ) ,k k k kz     
 (1,1) (1,2) (1,3), , ,k k k    
 (1,1) (1,2) (1,3), , ,k k k  

    (2,1) 2 (2,2) 2 (2,3) 2( ) , ( ) , ( ) ,k k k  
 (2,1) (2,2) (2,3), , ,k k k    

(2,1) (2,2) (2,3), , ]T
k k k   .  (2) 

The initial ordering of the components within (2) is arbitrary. 
This feature vector will subsequently be re-ordered and 
truncated (as described in Section IIIE). 

An individual’s current state of fitness may be estimated by 
classifying their current feature vector against the mean of 
previously recorded feature vectors. However, during each lap 
the runners travelled over slightly different trajectories and 
undulations, which resulted in noisy feature vector 
observations. The presence of noise can adversely affect 
classifier performance. To remove noise, linear regression was 
used to fit a least-squares line to previously recorded feature 
measurements, whereas on-line feature observations were 
filtered as follows. 

Optimal minimum-error-variance filtered estimates, xk, were obtained from the first-order, one-step recursion 
1( )k k kx I L Ax Lz   ,                           (3) 

where L    is a filter gain and A    is a prediction 
coefficient, see p. 83 of [32]. An unbiased estimate of the 
prediction coefficient is given by A = 1{ }( { }T T

k k k kE z z E z z  – 
1)R  , where R is the measurement noise variance. The filter

gain is calculated as L  = 1( )P P R  , where P    is the 
solution of the Riccati equation P  = ( )A P LP A Q  , in 
which an unbiased input variance, Q, is estimated from 

{ } ( { } )T T
k k k kQ E z z R A E z z R A    . 

The accelerometer measurements were normalized and 
segmented into N sub-intervals. The first-order filter (3) was 
applied to the on-line observations of (2), in which R was 
obtained from the moments’ sample variances. As mentioned 
above, feature trajectories and statistical significance vary from 
one individual to another. Therefore, a method for selecting 
salient features was developed below. 

E. Maximum-Entropy-Rate Feature Selection
The selection of relevant features remains an open

problem, see the surveys [27] – [30] and the references therein. 
A formal definition of feature relevance appears in [27]. 
Eliminating irrelevant features can lead to improved 
classification accuracy and reduces the classification 
calculation cost. As many of the feature selection techniques in 
[27] – [30] have high computational overheads costs, a low-
calculation-cost method is developed in the following.

Suppose that the means of two previously recorded feature 
vector sets ku = 1, ,[ ,..., ]T

k n ku u  and kv = 1, ,[ ,..., ]T
k n kv v  of the 

form (2) are available for subinterval classes k  [1, N]. A 
discrepancy vector d = 1[ ,..., ]T

nd d  is constructed for j  [1, n] 
feature components, where 

,1 , ,1 ,

,1 , ,1 ,
1

([ ,..., ],[ ,..., ])
([ ,..., ],[ ,..., ])

j j N j j N
j n

k k N k k N
k

D u u v vd
D u u v v



     ,        (4) 

in which (.)D  denotes a distance measure such as the Euclidean 
norm or the Mahalanobis distance. The discrepancies (4) 
represent the probability that ,1 ,[ ,..., ]j j Nu u is furthest from 

,1 ,[ ,..., ]j j Nv v , given feature component j. Let d  = 1[ ,..., ]T
nd d

, jd  = 
1

1
(1 )

j
n

k
k

d
d




 , denote a vector of probabilities that 

,1 ,[ ,..., ]j j Nu u  is nearest to ,1 ,[ ,..., ]j j Nv v , given feature 
components j  [1, n].  High values of jd  suggest that feature 
component j is more relevant for discriminating between 
classes. Conversely, low values of jd  suggest that feature 
component j is less relevant for class discrimination. Let p = 

1[ ,..., ]T
np p  denote a vector whose components are those of d  

into sorted into non-increasing order, i.e.,  

1 max( )p d , 1[2, ]max{ | }i i i ii np p d p p    .       (5) 

The feature selection task amounts to finding a length L ≤ 
n subset of the ordered probability distribution vector p that 
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satisfies a performance measure. The Shannon entropy, which 
is calculated as 

1
logL

i i
i

p p


 , refers the amount of uncertainty 
that is present. A suitable performance measure is the maximum 
entropy rate, i.e., the maximum of the average (per feature) 
entropy 

1
1 logL

L i i
i

H p pL 
   .  (6) 

An iterative procedure for finding the most relevant length-L 
subset of p that maximizes (6) is set out below. 

Procedure 1: Assume that the components of the 
distribution vector p have been sorted into non-increasing order, 
i.e., (5).

Step 1: Set L = n. 
Step 2: Evaluate (6). 
Step 3: If L = 2 or 

1

1
1 log log1

L
i i L L

i
p p p pL




     (7) 

stop the iterations. Otherwise, set L = L - 1, normalize the 
probability distribution vector subset, i.e., 1

1

[ ,..., ]T
L

L
i

i

d dp
d



   and

go to Step 2. 
It can be seen that the left hand side of the inequality (7) is 

the average entropy for L – 1 feature components. Thus, if 
condition (7) is false, the Lth feature component is deemed to be 
irrelevant and eliminated. The procedure requires the entropy 
rate (6) to be only evaluated over 2 ≤ L ≤ n since H0 = 0. A 
maximum entropy rate of 1 logLH LL  is attained in cases
where the first L elements of p are equal. Thus, the procedure 
can identify the subset of features whose associated 
classification probabilities are approximately equal. 

F. Weighted-Minimum-Distance-Classification
Suppose the following.
(i) An individual ran along the same route two or more

times and their feature measurements (2) have been recorded.  
(ii) The feature measurements have been normalized to

unity variance (so that they have similar scales). 
(iii) Linear regression has been used to fit a line to

previously recorded feature measurements (to remove noise). 
(iv) Procedure 1 has been used to select most relevant

subset of features. 
(v) The same person runs on another occasion and the filter

(3) processed their relevant subset of normalized feature
measurements (to remove noise).
Consider the problem of identifying the subinterval index k of
a new feature measurement kx . The unknown k can be
estimated using the weighted-minimum-distance classifier

 k =  
[1, ]

arg min
k N

( , )k kD p x p x  ,   (8) 
where kx  is the fitted previously recorded feature, D(.) is a 
distance measure and   denotes an elementwise 
multiplication. The inclusion of p within (8) can yield a 
performance benefit because it pays greater weight to the more 
relevant features. In this application it has been found that 
improved estimates of k can be obtained by classifying 
consecutive features [ kx  , …, ]kx  L , with measurement 
lag   ≥ 1, weighted by p, i.e.,  
 

[1, ]
arg min ( [ ,..., ], [ ,..., ])k k k kk N

k D p x x p x x 
    ,         (9) 

where [ kx  , …, ]kx   L  is the mean of previously 
recorded features and. Using   measurements within (9) can 
improve average classification performance when consecutive 
features and their means are approximately equidistant. 

It has been found here that Procedure 1 selected three 
feature components, in which case (8) corresponds to the 
minimum distance between three-dimensional vectors, and (9) 
corresponds the minimum distance between three-dimensional 
vectors averaged over  measurement lags. The average time
to perform the filtering (3), sorting (5), maximum entropy
selection (Procedure 1) and lag-   weighted-minimum-distance 
classification (9) was approximately 0.03 s on a 9.1 GHz quad-
core processor. This suggests that a mobile device equipped 
with a 2.3 GHz quad-core processor would be able to perform 
these on-line calculations in about 0.1 s. 
 

III. RESULTS AND DISCUSSION
The n = 18 moments were calculated over N = 44 quarter-

lap or 113.6-m sub-intervals for each individual’s 5-km run. 
The above procedure was applied to the discrepancies between 
the raw measurements (2) and the corresponding least-squares 
line fits. This procedure employed the maximum entropy rate 
criterion to select the three most-relevant features for each 
runner, which are listed in Table II. Some example feature 
trajectories for Runners 1 – 3 are shown in Fig. 4. The figure 
demonstrates that some features exhibit increasing or 
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decreasing trends, which are exploited using the machine 
learning technique described above. 

Changes in knee and ankle dynamics with fatigue have 
been previously studied in [17] - [19], [23] - [24]. For example, 
runners can present increased ankle eversion during fatigue [23] 
which could be caused by weakening of the tibialis anterior or 
tibialis posterior muscles. A transfer of foot eversion to tibial 
rotation could cause changes in knee moments. It is noted in 
[17] - [19], [23] - [24] that a gradual increase in knee flexion at 
heel strike occurs during running fatigue, which contributes to 
an increased tibial impact acceleration. Planta flexor muscle 
fatigue results in a decline in the ankle range of motion [24]. 
The combination of increased ankle eversion [23], increased 
tibial impact shock and planta flexor fatigue [19], [24] could 
result in changed ankle moments. 

A Euclidean norm distance measure was used in the 
weighted-minimum-distance classifier (9) to estimate each 
person’s subinterval index during a second run. The estimated 
subinterval index can then be cross-referenced against distance 
travelled, energy expended (from Fig. 2) and a fatigue index 
(such as (1)). The resulting subinterval index estimation root-
mean-square (RMS) errors are listed in Table II. It can be seen 
that the RMS errors are lower for Runners 1 and 3. That is, the 
onset of fatigue appears to be more distinct for runners having 
greater body mass. This may be due heavier runners being 
exposed to higher ground reaction forces that increase the 
loading of knee and ankle joints, which over time result in 
reduced shock absorbing capacity [12]. This interpretation is 
supported by Fig. 4, which shows that feature trajectory trends 
are slightly more distinct Runner 1 than for Runner 2. It can be 
seen from the table that it is possible to infer a runner’s distance 
travelled and energy expended with an average error of 15%. 

Fig. 4. Example selected feature trajectories versus subinterval index k for 
Runner 1 (top), Runner 2 (middle) and Runner 3 (bottom). 
 The methods described in Section II have a low calculation 
cost - which suits fatigue monitoring in the field. The 
developments can probably be refined in the following ways. 

(a) The Euclidean norm distance measure does not exploit
class distribution knowledge. Using means of covariances from 
multiple feature measurements within distance measures (e.g., 
Mahalanobis distance) may yield improved classifier 
performance.  

(b) The above feature selection method relies on features
being ranked individually. Ranking pairs or triples of features 
may improve feature selection. 

(c) The trade-off between average classification accuracy
and the number of subinterval classes could be optimized. An 
average accuracy benefit arises when there are fewer classes to 
discriminate between, and the sample moments better 
approximating the actual moments with increasing number of 
samples.  
Nevertheless, it has been observed that differences tend to occur 
with the placement and slippage of sensors, and the paths 
followed from one run to another. Therefore, some estimation 
performance variations are expected to remain. 

TABLE II 
SELECTED FEATURES & RMS ERRORS 

Runner Selected 
features Lag 0 Lag 1 Lag 2 Lag 3 Lag 4 

1 (2,2) 2( )k
(2,2)
k
(2,2)
k

11% 13% 11% 12% 10% 

2 (1,3) 2( )k  
(1,2)
k
(2,2)
k

26% 25% 24% 24% 23% 

3 (1,1) 2( )k
(2,1) 2( )k
(2,3) 2( )k  

8% 8% 9% 10% 10% 

Mean 15% 15% 15% 15% 15% 
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IV. CONCLUSION
Prolonged sporting activities can lead to tendon/muscle 

impairment and fatigue. Continuing exercise during fatigue can 
adversely affect lower limbs’ abilities to absorb shocks and 
maintain joint stability which increases the likelihood of 
injuries. This motivates monitoring changes in knee and ankle 
looseness or stiffness to detect the onset of fatigue. 

A musculo-skeleto monitoring system has been developed 
which uses machine learning to classify changes in knee and 
ankle accelerations. Three statistical moments, namely, 
variance, skewness and kurtosis of three-axis accelerations 
serve as features. Since irrelevant features can degrade 
classification accuracy, a low-calculation-cost method has been 
developed to select an individual’s most relevant features. This 
method involves ranking the features individually and finding 
the maximum entropy rate subset. The selected features appear 
to be consistent with prior knowledge about changes in ankle 
eversion, knee flexion angle and tibial impact forces with 
fatigue. A weighted-minimum-distance classifier was then 
employed to discern changes in feature trajectories. 

The developed system was used by three volunteers having 
considerably different physical attributes who ran 5-km around 
an oval on two occasions. It was found that a weighted-
minimum-distance classifier was able to estimate a runner’s 
distance travelled and energy expended with an average error 
of 15%.  
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