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Abstract 
 
 
 
 
 
A solution is sought for the measurement of human deep tendon reflexes as part of 
a comprehensive patient condition monitoring system for use in a telemedicine 
context. This study focused on the development, testing and performance 
evaluation of a prototype compact patellar tendon reflex measurement system that 
is able to provide a quantitative reflex evaluation for use by medical practitioners 
and in a telemedicine environment. A prototype system was developed that makes 
use of Xsens MTx orientation sensors, force-sensing resistors and an 
electromyogram (EMG) to measure the reflex response. Suitable parameters 
identified for analysis included the change in pitch, angular velocity and 
acceleration of the lower leg, the EMG response, the tendon impact, and various 
latencies associated with these measurements. Other information considered 
included the age, mass, and physical dimensions of the test subject. Clinical 
testing was performed to collect data to evaluate the system performance. 
Subjective reflex evaluations were conducted by three doctors according to a 
standard reflex grading scale using video recordings of the tests. Self-organizing 
maps and multi-layer feed-forward (MLFF) artificial neural networks (ANNs) 
were used to analyze the collected data with the aim of pattern identification, data 
classification and reflex grading prediction. It was found that the MLFF network 
delivered the correct reflex grading with an accuracy of 85%, which was of the 
same order as the rate of differences between the subjective reflex evaluations 
performed by the doctors (80%). Furthermore, analysis of the data suggested that 
certain parameters were not necessary for the autonomous evaluation, such as 
EMG data and the tendon impact. The use of ANNs to analyze a reflex 
measurement as proposed by this study offers an accurate, repeatable and concise 
representation of the reflex that is familiar to doctors and suitable for use in a 
general clinical setting or for telemedicine purposes. 
 
 
 



 iv

Uittreksel 
 
 
 
 
 
`n Wyse om menslike diep-sening reflekse te meet, as deel van 'n omvattende 
pasiënt-toestandsmoniteringstelsel vir gebruik in 'n telemedisyne konteks, word 
benodig. Die fokus van hierdie studie is die ontwikkeling, toets en prestasie-
evaluering van 'n prototipe kompakte patellar-sening-refleks-meettoestel wat 'n 
kwantitatiewe refleksevaluering kan gee vir gebruik deur mediese praktisyns en in 
'n telemedisyne omgewing. Die prototipe stelsel maak van Xsens MTx oriëntasie-
sensore, druk-sensitiewe weerstande en 'n elektromiogram (EMG) gebruik.  
Geskikte parameters wat vir analise geïdentifiseer is, sluit in die 
heihoekverandering, hoeksnelheid en -versnelling van die onderbeen, die EMG 
meting, die impak op die patellarsening, en verskeie tydsvertragings geassosieer 
met hierdie metings. Ander inligting wat in ag geneem is, sluit die massa, 
ouderdom, en fisiese afmetings van die toetspersone in. Kliniese toetse is 
uitgevoer om data te versamel vir die evaluering van die stelsel se werkverrigting. 
Subjektiewe evaluerings van die refleksaksie is deur drie dokters volgens 'n 
standaard refleksgraderingskema aan die hand van video-opnames van die toetse 
gedoen. Self-rangskikkende kaarte ("self-organizing maps", SOM) en multi-vlak 
voorwaardsvoerende ("multi-layer feed-forward", MLFF) kunsmatige neurale 
netwerke ("artificial neural networks", ANN) is gebruik vir analise van die 
versamelde data met die oog op patroonherkenning, data klassifikasie en 
refleksgradeering-voorspelling. Die daaropvolgende MLFF netwerk het die 
gradering met 'n akkuraatheid van 85% gegee, en hierdie akkuraatheid was in 
dieselfde grootte-orde as die subjektiewe evaluerings wat deur die dokters 
uitgevoer is (80%). Analise van die data het verder getoon dat sommige van die 
parameters nie vir outomatiese evaluering nodig is nie, byvoorbeeld die EMG-
data en die impak op die sening. Die gebruik van 'n ANN om 'n refleksmeting te 
analiseer, soos voorgestel in hierdie studie, bied 'n akkurate, herhaalbare en 
beknopte voorstelling van 'n refleks waarmee doktors vertroud is en wat geskik is 
in 'n algemene kliniese opset of vir telemedisyne toepassings. 
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1. Introduction 
Qualitative assessment of various deep tendon and primitive reflexes is a 
technique that is widely used by general practitioners for neurological 
investigations of patients [1]. Reflex testing is a simple yet informative 
assessment of the function and interplay of both sensory and motor pathways and 
can give important insights into the integrity of the nervous system at many 
different levels [2]. 
 
However, few medical practitioners make use of quantitative methods to evaluate 
these reflexes, and diagnoses are often made by a subjective evaluation of the 
reflex response based on previous experience. This practice can be partly 
attributed to the fact that the existing equipment that is used to measure reflexes is 
relatively expensive, requires skilled personnel to operate, and is generally only 
used in a research setting. Furthermore, the commonly employed grading of reflex 
responses is rather subjective and depends on a variety of factors including limb 
weight and length, muscle atrophy, and the physical attitude of the patient when 
the reflex is elicited. 
 
The aim of this study was to develop a prototype system that can accurately and 
reliably measure the patellar tendon reflex response and identify characteristics of 
the response that allow a quantitative evaluation of the reflex for use in a 
telemedicine context. Suitable data had to be recorded and analyzed to determine 
correlations with the subjective evaluation of a medical practitioner, with the aim 
of identifying a manner in which the data could be represented in a simple, 
effective and informative manner. 
 
This research was conducted in conjunction with other work within the 
Biomedical Engineering Research Group that is focused on developing a range of 
sensors for remote patient screening and monitoring. 
 

1.1. Background 
The American Telemedicine Association defines telemedicine as “the use of 
medical information exchanged from one site to another via electronic 
communications to improve patients’ health status” [3]. 
 
Telemedicine is a method by which patients can be examined, investigated, 
monitored and treated, with the patient and the doctor in different physical 
locations. In telemedicine one transfers the medical information, not the patient. A 
major goal of telemedicine is to eliminate unnecessary travelling of patients and 
their escorts. This has obvious clinical advantages, especially in cases where 
critical injuries or other conditions immobilize the patient.  
 
Furthermore, telemedicine has been proven as a useful tool in rural areas, or areas 
that are far removed from treatment centres. There is a worldwide lack of 
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specialized medical personnel in non-urban areas, leading to patients being 
referred over long distances and causing them considerable expense. This also 
contributes to significant and often avoidable overwork at the central referral 
centres. In many cases, sufficient treatment could have been carried out by the 
local doctor with advice from a specialist. Using a personal computer, a digital 
scanner, a digital camera, appropriate software and existing telecommunication 
networks, it is possible to transfer clinical data and even carry out a reasonable 
clinical examination [4]. In this manner, medical information can be transferred 
without requiring transport of the patient. 
 
The testing of deep tendon reflexes is an important part of the neurophysiological 
exam, and valuable information about the condition of the neurological system of 
the patient can be obtained relatively quickly and easily. In the context of 
telemedicine, a solution is sought that is able to elicit and measure the reflex 
response of the following deep-tendon reflexes: 

• Knee (Patellar tendon) 
• Ankle (Achilles tendon) 
• Biceps 
• Triceps 

 
It is apparent that each of these reflexes requires a dedicated design configuration 
as the physical dimensions and the locations of the tendons are different. 
However, the basic configuration and the mechanisms for eliciting and measuring 
the response are similar. 
 
With this in mind, it was advantageous to complete the design of the system for 
the testing of a specific reflex, and once the design was functional it could then be 
adapted to the other areas of interest. In this regard, the knee reflex was the most 
advantageous choice for the focus of this research project, as the tendon can be 
located easily and the reflex response is typically the most apparent and easily 
observed of the diverse reflexes. 
 
With the proper design, a system can be created that is able to continuously 
monitor the reflex responses of patients and transmit the relevant information to 
the appropriate medical officer. This is especially important in the monitoring of 
the later stages of the rehabilitation process that often takes place outside the 
medical facility.  
 
It is also envisaged that the technology can eventually be combined with other 
sensing equipment to allow for a complete patient condition monitoring system. 
The aim is to make the system cost-effective, portable and lightweight, to 
minimize patient discomfort. 
 
 



Chapter 1   Introduction 

 3

1.2. Scope of work 
The first aim of this project was to develop a prototype reflex measurement 
system that can be attached to the limb where the reflex is to be elicited. This 
system needed to be able to provide the stimulus that will activate the reflex 
response, and the response then had to be measured to a sufficient degree of 
accuracy to provide meaningful data.  
 
Once a working prototype of the system was completed, a procedure for 
capturing, processing and analyzing the measured data needed to be developed. 
Indicators such as the displacement of the distal limb, the speed of the response, 
as well as the time between the excitation and the response would typically be of 
interest. Other information that was considered to be important included the age 
and weight of the subject, as well as the length and mass of the distal limb. 
 
Clinical testing of the system to gather a sufficient amount of data was to be 
conducted once the prototype and the data processing system were operational. 
These entailed the recording of reflex responses from a number of subjects with 
the focus on obtaining a good distribution of values for the parameters chosen to 
represent the reflex response. Throughout this process, the subjective evaluation 
of qualified and experienced medical practitioners was also recorded for each 
reflex that was measured. 
 
The final stage of the study entailed a detailed analysis of the data obtained from 
the clinical tests along with the evaluation of the doctors. Firstly, the data had to 
be evaluated in terms of its accuracy, usefulness and validity. Furthermore, 
possible characteristics of the response that could then be used in a quantitative 
evaluation system were identified. The method that was chosen primarily makes 
use of neural network techniques to provide a quantitative evaluation of typical 
responses recorded with the measurement system.  
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2. Literature review 
This section gives a brief overview of the various fields of expertise that play a 
role in the design and function of the reflex testing system. 
 

2.1. The reflex mechanism 
The human nervous system consists of the brain and a variety of connecting 
pathways. The nervous system is commonly divided into the central nervous 
system (CNS), which includes the brain and spinal chord, and the peripheral 
nervous system (PNS), which includes the cranial nerves arising from the brain 
and the spinal nerves arising from the spinal chord. Specific nerve pathways 
provide routes by which impulses travel through the nervous system, and these 
consist of sensory and motor neurons. Frequently, a nerve pathway begins with 
the conduction of impulses to the CNS through sensory receptors and sensory 
neurons of the PNS. Once within the CNS, impulses may immediately travel back 
through motor portions of the PNS to activate specific skeletal muscles, glands, or 
smooth muscles. Impulses may also be sent simultaneously to other parts of the 
CNS through ascending tracts within the spinal chord. 
 
The simplest type of nerve pathway is the reflex arc, which implies an automatic, 
unconscious, protective response to a situation in an attempt to maintain body 
homeostasis. Impulses are conducted over a short route from sensory to motor 
neurons, and only two or three neurons are involved. The five components of a 
reflex arc are the receptor, sensory neuron, integration centre, motor neuron, and 
effector. The receptor includes the dendrite of a sensory neuron and the place 
where the nerve impulse is initiated. The sensory neuron relays the impulse 
through the posterior root to the CNS. The integration centre is located within the 
CNS and usually one or more association neurons (interneurons). It is here that 
the arc is made and other impulses are sent through synapses to other parts of the 
body. The motor neuron conducts the nerve impulse to an effector neuron 
(generally a skeletal muscle). This response is called a reflex action or reflex.  
 
Somatic reflexes are those that result in the contraction of skeletal muscles, and 
the somatic stretch reflex involves only two neurons and one synapse in the 
pathway, and for this reason it is called a monosynaptic reflex arc. The role of this 
type of reflex is generally to enable a rapid response of muscle activation to 
perturbations during upright standing and walking, as well as for gravity 
resistance and balance maintenance [5]. Slight stretching of the neuromuscular 
spindle receptors (bundles of small, specialized skeletal muscle fibres scattered 
throughout the skeletal muscles) within a muscle initiates an impulse along a 
sensory neuron to the spinal chord. A synapse with a motor neuron occurs in the 
anterior grey column, and activation of a motor unit causes specific muscle fibres 
to contract. Because the receptor and effector organs of the stretch reflex involve 
structures on the same side of the spinal chord, the reflex arc is an ipsilateral 
reflex arc [6]. 



Chapter 2   Literature review 

 5

The knee-jerk reflex (see Figure 2.1) that is the focus of this study is an ipsilateral 
reflex. The main site of the receptor stimulation is in the patellar tendon, just 
below the patella. Because the receptor organ is embedded within the internal 
structure, as opposed to in the skin, it is also called a deep tendon reflex, rather 
than a superficial reflex. A myotatic reflex is another term that is used to describe 
this reflex and simply means a muscle (mys) stretch (tasis) reflex [7]. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2.1: Physiology of a deep-tendon reflex [6] 
 
 According to Dick [8]: 

Microneurography shows that the tendon “tap” evokes a relatively 
synchronous volley in the fastest conducting afferent fibres from the 
muscle spindles. There is a temporal dispersion of up to 20 ms in this 
afferent volley and a jitter of 5–6 ms in the timing of homonymous motor 
unit firing. 
Theoretically, this would be a sufficient time spread for motor neuron 
firing to be the consequence of several afferent signals (temporal 
summation) or even of disynaptic input. However, the … afferent fibres 
synapse directly onto the proximal dendrites and soma of the motor 
neuron, and latency measurements following intraspinal stimulation make 
it extremely likely that the tendon reflex is monosynaptic. 
The afferent volley evokes excitatory postsynaptic potentials in a variety 
of spinal neurons, largely in the interneurons at the relevant segmental 

 
Patellar 
tendon 
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level, but also in the motor neurons. A proportion of these (and some 
motor neurons at neighbouring levels) will be sufficiently close to their 
firing threshold for this phasic excitatory input to discharge them. That 
proportion will be determined by the interplay of descending 
reticulospinal, vestibulospinal, and corticospinal pathways. 

 
The reflex exam helps to differentiate between neuronal damage and 
muscoskeletal pathologies. Weaknesses associated with changes in the observed 
reflexes can indicate that there is a problem within the nervous system, and 
evidence gathered in conjunction with the wider neurological exam can determine 
if a lesion originates in the central or peripheral nervous system [9]. 
 
The tendon reflexes are commonly elicited by a short sharp blow with a suitable 
tendon hammer delivered to the tendon of a gently extended muscle. During a 
standard neurological exam it is customary to assess the tendon jerk response of 
brachioradialis (innervation of dorsal roots C5, C6), biceps brachii (C5, C6), and 
triceps brachii (innervation of dorsal roots C6, C7). In the lower limbs the patellar 
(quadriceps, L2-L4) and ankle jerk (triceps surae, S1) are examined [8]. 
 
Normal reflexes require that every aspect of the system function normally, and 
breakdowns in the proper working of the peripheral nervous system cause specific 
patterns of dysfunction. Decreased reflexes can be a sign of spinal and peripheral 
nerve damage. Entrapment neuropathies as occurring in radial palsies or 
polyneuropathies in HIV and Guillain-Barré syndrome, also present with 
diminished reflexes. On the other hand, patients presenting with hyperreflexia, 
clonus or a Babinski sign may have an upper motor neuron lesion of the central 
nervous system, as seen in patients with brain tumours, strokes or multiple 
sclerosis [9]. 
 
The following lists some interpretations that are commonly associated with the 
observation of abnormal reflexes [2]: 

• Disorders in the efferent pathway of the sensory limb will prevent or delay 
the transmission of the impulse to the spinal cord. This causes the resulting 
reflex to be diminished or completely absent. Diabetes induced peripheral 
neuropathy (the most common sensory neuropathy seen in developed 
countries), for example, is a relatively common reason for loss of reflexes. 

• Abnormal lower motor neuron (LMN) function will result in decreased or 
absent reflexes. If, for example, a peripheral motor neuron is transected as 
a result of trauma, the reflex dependent on this nerve will be absent.  

• If the upper motor neuron (UMN) is completely transected, as might occur 
in traumatic spinal cord injury, the arc receiving input from this nerve 
becomes disinhibited, resulting in hyperactive reflexes. Of note, 
immediately following such an injury, the reflexes are actually diminished, 
with hyper-reflexia developing several weeks later. A similar pattern is 
seen with the death of the cell body of the UMN (located in the brain), as 
occurs with a stroke affecting the motor cortex of the brain.  
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• Primary disease of the neuro-muscular junction or the muscle itself will 
result in a loss of reflexes, as disease at the target organ (i.e. the muscle) 
precludes movement. 

• A number of systemic disease states can affect reflexes. Some have their 
impact through direct toxicity to a specific limb of the system. Poorly 
controlled diabetes can result in a peripheral sensory neuropathy. Extremes 
of thyroid disorder can also affect reflexes, though the precise mechanisms 
through which this occurs are not clear. Hyperthyroidism is associated 
with hyperreflexia, and hypothyroidism with hyporeflexia. 

 
Some patients may have difficulty in relaxing so that the examiner can properly 
test for the reflexes. Under these circumstances a distracting manoeuvre, called 
reinforcement, is used to bring out the reflex. One manoeuvre commonly used 
when checking the patellar reflex is called Jendrassik’s manoeuvre, which 
involves the patient holding his hands together by the tips of his fingers at the 
level of his chest and pulling outward. This isometrically activates the muscles in 
the upper extremities and, although the mechanism is uncertain, causes the reflex 
to be brought out [8,9]. 
 
Yamamoto et al. [10] studied the effect of the joint angle on the stretch reflex 
response in the lower leg muscles. They found that while the angle does have 
some effect, there seems to be some relation to other biomechanical and 
physiological factors such as the influence of gravity on the lower leg mass, the 
pressure on the sole of the foot, pre-synaptic influences and supra-spinal 
command influences. Other studies have found that the magnitude and latency of 
deep tendon reflexes are also affected by the age of the subject [1,11]. 
 
Another factor that plays a role in the reflex response is whether the knee joint has 
sustained significant injuries, particularly to the ligaments. Dhaher et al. [12] 
investigated the reflex responses of subjects whose knee joints were 
simultaneously subjected to perturbing stimuli. Their results suggest that afferent 
neurons in the ligaments of the knee also contribute to the control of a stable knee 
joint during movements and perturbations, in addition to the deep tendon reflexes. 
Although the latency of the reflex invoked through the perturbation (long latency) 
of the knee is significantly longer than that of the deep tendon reflex (short 
latency), their findings nonetheless suggest that they also play a significant part in 
any reflex movement.  
 
Table 2.1 below shows the reflex grading scale as published by the National 
Institute of Neurological Disorders and Stroke (NINDS) division of the National 
Institutes of Health [13]. This scale is used to describe the amplitude and velocity 
of the myotatic reflex response. Its reliability and reproducibility have been 
studied and the criteria have been validated. It is increasingly accepted for use in a 
clinical setting [8,9,14]. 
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Table 2.1: NINDS reflex grading scale [13] 

Score Description 

0 Reflex absent 

1 Reflex small, less than normal; includes a trace response, or a 
response brought out only by reinforcement 

2 Reflex in lower half of normal range 

3 Reflex in upper half of normal range 

4 Reflex enhanced, more than normal; includes clonus if present. 

 
Manschot et al. [15] investigated the between-observer reliability of two standard 
notation scales for the grading of tendon reflexes, the Mayo Clinic scale and the 
NINDS scale, between two groups of 50 patients. Their findings suggested that it 
is difficult to get the same ratings for either scale, especially if the persons 
evaluating the reflexes come from different backgrounds and have different levels 
of experience. They also suggested the use of a more condensed scale, which is 
based on verbal descriptions, to improve the reliability of the scale.  
 
Although the presence of very brisk or completely absent tendon reflexes has 
clear significance, simple natural variability can lead to difficulties in correct 
interpretation. For this reason, a degree of asymmetry between sides is allowable, 
and even very brisk reflexes can be seen in anxious individuals. Therefore the 
significance of the reflex examination is usually interpreted in the context of other 
physical signs, such as muscle tone, numbness and superficial reflexes [8]. 
 
Upon consideration of the variety of factors described in this section that 
influence the briskness of a particular reflex, some problems can be anticipated in 
the study and it has to be assumed that there will be some variability in the 
response. A number of factors can readily be identified that would give variable 
responses within the same individual, and inter-subject variability will most likely 
be even greater. For this reason it is necessary to identify a repeatable metric to 
represent the response that is valid across a sample population. 
 

2.2. Human motion tracking state of the art 
Historically, the study of human movement has been costly and time-consuming. 
Owing to the complexity of the movements, massive amounts of data need to be 
collected to accurately characterize the motion. Sampling rates are also an 
important consideration and largely depend on the type of motion being analyzed. 
It is only in the recent past that more cost-effective methods of recording human 
motion have become available, largely due to the availability of low-cost digital 
acquisition systems and other innovations in sensing equipment. 
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The interested parties in the study of human motion can be loosely identified as  
follows [16]: 
 

1. Scientists interested in the control of human movement, the 
functioning of the nervous system in controlling a large degree-of-
freedom system and producing smooth complex motion. 

2. Movement studied to understand and treat pathologies, such as gait 
analysis or critical decisions for tendon transfer or muscle lengthening 
surgery. 

3. The study of athletic performance with a view to analysis and 
improvement of performance. 

4. The study of ergonomics and human factors related to military 
applications, such as the development of human-machine interfaces or 
the minimization of industrial injuries. 

5. The generation of computer-aided animations for use in motion 
pictures or computer gaming applications. 

 
The tracking technologies currently available can be divided into two main 
groups, namely vision-based and non-vision-based. 
 
Vision-based systems use optical sensors such as video cameras to track and 
record movements, and are commonly classified according to whether markers are 
used or not. The following lists some of the available marker-based systems [17]: 

• VICON: combines high-speed, high-resolution cameras with automated 
Tracker software to deliver immediate and precise manipulation of 
graphics for first-person immersive environments for military, automotive, 
and aerospace visualizations. Information return is typically in the order of 
7 ms, and setup time is about 1 hour for the first session, subsequent 
sessions requiring only the correct setup of the visual markers on the 
subject. The highly reflective markers are tracked visually by the cameras 
and the automation of the Tracker software is the main strength of the 
VICON system. It is particularly useful for high-speed motion tracking. 

• ReActor2 (Ascension Tech. Corporation): based on 3D capture area 
bordered by modular bars. Digital active-optical detectors are embedded in 
this frame, allowing for full coverage of the performers. 

• ELITE Biomech (BTS): based on the principle of shape recognition and 
passive markers. It can be combined with EMG systems and force 
platforms, and can be used in extreme lighting conditions. 

 
These systems all have the advantage that they are relatively easy to set up and 
use, and consequently a number of end-user solutions are available that offer 
sufficient accuracy for common applications. However, they still face challenges 
such as errors, non-robustness and expensive computation due to environmental 
constraints, mutual occlusion of the markers and complicated processing [17]. 
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Non-marker-based visual systems use external sensors such as cameras to track 
the movement of the human body, and are able to overcome the mutual occlusion 
problem of marker-based systems as they are only concerned with boundaries or 
features of human bodies. However, due to unsolved technical problems there is 
still active research in this area, and commercially available systems are few. 
These systems are based on a number of principles, such as explicit shape 
modelling, background subtraction or colour detection [17]. 
 
On the other hand, non-visual-based systems use sensors that are commonly 
classified as mechanical, inertia, acoustic, radio, microwave and magnetic to 
collect motion information. Each kind of sensor has its advantages and its 
limitations. Below are some examples of this type of sensor [17]: 

• MTx (Xsens Motion Tech): Inertial measurement unit using MEMS-based 
3-axis rate gyroscopes, accelerometers and magnetometers in combination 
with a sensor fusion algorithm to provide real-time 3D orientation. The 
output can be in the form of Euler angles, quaternions or rotation matrices 
at frequencies of up to 512 Hz. In combination with the Xbus system, 
these sensors have wireless capabilities through the use of Bluetooth 
communication. 

• Motionstar (Ascension Technology Corporation): Magnetic motion 
capture system using DC magnetic tracking technologies. Communication 
is wireless and sample rates up to 120 Hz have been achieved. 

• G-Link (Microstrain): High-speed triaxial accelerometer node designed to 
operate as part of an integrated wireless sensor network system. These are 
also available in combination with angular rate gyroscopes and 
magnetometers. 

 
These types of sensors do not have the occlusion problems of vision-based 
systems and therefore are more flexible to use. In addition, no special setup 
location or space is required, so most of these systems can be used in different 
locations as well as outdoors successfully. A typical problem of these sensors is 
that significant computational power is required, possibly increasing response 
latency. Other factors are limited resolution and signal bandwidth, and inaccuracy 
problems as a result of drift and outside disturbances such as magnetic fields. 
 
For the purposes of this project the flexibility of non-vision-based motion sensors 
offers significant advantages in terms of ease of use and adaptability to 
telemedicine use, and therefore the use of this technology was further considered. 
 

2.3. Existing methods for reflex quantification 
The literature showed a number of different methods that have been used to 
quantify reflex responses.  
 
Péréon et al. [1] conducted a study of the distribution of latencies of deep-tendon 
reflexes in children and adults. A hand-operated hammer similar to clinical 
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hammers but fitted with a spring-operated switch was used to trigger the trace 
display of an EMG using surface electrodes. The latencies of the reflexes were 
recorded for the soleus, rectus femoris, triceps brachialis, and flexor carpi radialis 
muscles of 268 normal subjects. Subjects were tested only on one side, mostly 
while in a sitting position. They found that the recording of reflex latencies is a 
simple, non-invasive tool for assessment of proximal nerve conduction and the 
study of fibre maturation in children. A strong linear correlation of the response 
latency with height was observed. They also found that reliability depended upon 
accurate estimation of the delay induced by the hammer triggering device and 
control of the location of the EMG electrodes, the limb position and joint angles, 
as well as the muscle length and tonus. In terms of the latency of the patellar 
tendon reflex EMG trace, the study found a value of approximately 20 ms for 
adult subjects. 
 
Kim et al. [18] developed an instrumented reflex hammer using a uniaxial force 
transducer that could be used to improve the accuracy of the measured stimulus 
strength. Through experimental validations using a six-component force platform, 
finite element analysis and impact experiments, they demonstrated good reliability 
and repeatability in the impact measurements of the hammer. Their measurements 
of the impact indicated a toe-to-peak time in the order of 3 ms and a duration of 
10 ms. Based on their observations they recommended a sampling rate above 
2000 Hz to accurately determine the impact characteristics. 
 
An electromechanical hammer powered by a linear actuator was designed by 
Huang et al. [19] to apply precisely controlled and more repeatable tapping force 
to tendons. PID control was used to regulate the performance of the hammer, and 
a force sensor mounted on the frontal end of the moving part was used to measure 
the force applied to the tendon. The experimental setup consisted of a dedicated 
station into which the subject was strapped and a torque sensor attached to the leg 
to measure the response. For the tests, the electromechanical hammer was 
positioned perpendicular to the tendon, and a rubber buffer placed over the tendon 
to target the impact. The results showed that the variation in the measured peak 
impact force was significantly lower than that obtained using a standard reflex 
hammer. 
 
A particularly interesting method for quantifying reflex responses was 
investigated by Zhang et al. [20]. By strapping a force sensor over the patellar 
tendon, a measure comparable to that obtained by measuring the reflex torque was 
identified in the bounce-back force of the tendon as measured by the force sensor. 
This setup was particularly convenient as both the input and output was measured 
by the same sensor, and the setup was portable. However, adipose tissue in the 
vicinity of the tendon may pose a problem in the correct measurement of the 
reflexive force. 
 
It has also been shown that system identification of tendon reflex dynamics is 
possible, which results in a concise number of system parameters that provide 
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significantly more repeatable and consistent characterization of tendon reflexes 
than reflexive torque or EMG signals alone [21].  
 
Some commercially available systems for measuring a reflex response, such as the 
BIOPAC system [22] shown in Figure 2.2, measure displacement of the limb in 
question to quantify the reflex response. In the case of the BIOPAC system, an 
electrical goniometer is used to measure the change in angle of the joint. 
 

 
Figure 2.2: BIOPAC Systems inc. Reflex Hammer, EMG and Goniometer [22] 

 
Another method that has been shown to work involves the use of accelerometers 
to measure the reflex response [23]. By integrating the acceleration value of a 
MEMS-based tri-axial accelerometer mounted on the lower leg, angular velocity 
results were obtained that are similar to those recorded using more elaborate 
setups. Furthermore, their results indicate a latency of approximately 190 ms 
between the peak tendon impact and the maximum angular velocity, which was 
fairly repeatable over multiple subjects. 
 
Moore et al. [24] also investigated various latency parameters of the patellar 
tendon reflex specifically to investigate the effects of fatigue on their values. For 
the case of no fatigue, they demonstrated a delay of 20-25 ms between the 
stimulus onset and the onset of EMG activity, 35-45 ms between the onset of 
stimulus and peak EMG activity, and approximately 125 ms between the onset of 
stimulus and peak force measured by a torque sensor attached to the lower leg.  
 
As can be seen by the examples offered here, solutions exist for the measurement 
of reflexes. However, no system was found that offers a standardized 
implementation method and delivers a repeatable metric that is of diagnostic value 
to a physician. While a number of methods attempt to measure reflexes as 
accurately as possible, no integration or distillation of the resulting measurements 
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is performed that results in a meaningful evaluation of the reflex. In addition, 
many of the methods require an elaborate setup, reducing the robustness and 
flexibility of the technique. 
 

2.4. Artificial neural network techniques 
Artificial neural networks (ANNs) can be defined as computational systems that 
mimic the computational abilities of biological systems by using large numbers of 
simple, interconnected artificial neurons. Artificial neurons are simple emulations 
of biological neurons; they receive information input from sensors or other 
artificial neurons, perform very simple operations on this data, and pass the results 
on to other artificial neurons.  
 
ANNs operate by means of large numbers of neurons arrayed in parallel within a 
neuron layer, thereby allowing parallel processing of input data. A number of 
these neuron layers are then arranged in series, and the processed information is 
passed forward through the layers sequentially [25]. 
 
A simplified schematic of the fundamental operational unit, the neuron, is shown 
in Figure 2.3. The inputs to the neuron can be controlled by weighting functions, 
wij, and the sum of the inputs is then subjected to a particular function, called the 
transfer function of the neuron. Transfer functions can take a variety of shapes, 
such as hard-limit, linear or log-sigmoid (see Section 2.5 for more details). The 
output from this neuron is then passed on to the following neurons. This element 
is referred to as the micro-structure of the network. 
 

Aj=f(∑wijAi)

w1jA1

w2jA2

Nj N wjMAj

wj2Aj

j1 j

Incoming neural activations (Ai) 
multiplied by individual connection 
weights (wij)

Output activation (Aj) multiplied by 
individual connection weights (wik) 

sent to other neurons

Activation (output) 
of neuron j

 
Figure 2.3: Simplified schematic of an artificial neuron 

 
Many of these neurons interconnected and arranged in series, as shown in Figure 
2.4 below, constitute the artificial neural network. This is called the meso-
structure of the network. Many types of network meso-structures exist, the one 
shown below being the multilayer cooperative/competitive network.  
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Layer 1

Layer 2

 
Figure 2.4: Schematic of network structure 

 
ANN processing is a very powerful technique for solving a number of problems, 
and is already widely in use in a variety of applications. One of the powerful 
features of ANNs is their ability to adapt their structure to changes in input values. 
This ability is called self-learning, and it is made possible by interactions not only 
between neurons on different layers, but between neurons of the same layer as 
well. The simplest way to view the process is to think of the specific network 
actually learning from previous experiences, thereby allowing it to complete the 
given task faster and more accurately. If, for instance, two neighbouring neurons 
feed forward to another neuron, and the one consistently sends a signal, while the 
other fails to send, the neuron that regularly sends will receive higher weighting at 
the receiving neuron. This process of neighbouring neurons competing for higher 
weighting is called competitive learning. 
 
Some networks require initial training before they are able to function properly: 
these are referred to as supervised networks. Another class of networks, the 
unsupervised network, automatically determines the nature of the input data and 
adjusts itself accordingly. This is achieved by allowing neighbouring neurons to 
influence each other, a process termed cooperative learning.  
 
ANNs and their variants have been used successfully in a number of applications 
such as military, finance, medicine, robotics and manufacturing. Typical functions 
that can be performed by ANNs are data mining and analysis, system control and 
parameter prediction, amongst others. Their features are especially useful for 
applications that involve higher-dimensional data sets [26]. 
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While the above description offers a general overview of the basic principles of 
neural networks, it is by no means exhaustive. The reader is referred to the 
literature for more details on the structure and function of neural networks in 
general. However, the following sections describe the features of the network sub-
types used in this study in more detail for introductory purposes. 
 

2.5. Multi-layer feed-forward neural networks 
The multi-layer feed-forward (MLFF) neural network is an example of a 
supervised network. The data flow from input to output units in a MLFF network 
is strictly forward, i.e. there are no connections extending from outputs of units to 
inputs of units in the same layer or layers. Each layer consists of units which 
receive their input from the units of a layer directly below and send their output to 
units directly above the unit.  
 
In the case of a single-layer network of this type, the process of adjusting the 
weights is a relatively simple matter since there is only one set of weights per 
neuron in the layer. For a multi-layer network, however, this process becomes 
more involved, since there are additional weight sets for all the neurons in the 
intermediate layers, termed the hidden layers. 
 
The method that is commonly used to adjust the weights and biases in the hidden 
layers is termed back-propagation, and can be described as follows: when the set 
of inputs are propagated to the output units, the actual network output is compared 
to the desired output values, and a certain error is usually found which must be 
brought to zero. The error of an output unit is back-propagated to all the hidden 
units to which it is connected, where the error is weighted according to this 
connection (see Appendix A for details). 
 
Due to the nature of this process, the calculation of the minimum error is an 
optimization problem, which allows the use of advanced optimization methods 
such as the conjugate gradient or Fletcher-Reeves method. A variety of network 
configurations and methods are available in the Neural Network Toolbox for 
MATLAB, and the primary considerations in the choice of back-propagation 
method are convergence speed, the number of hidden layers and the type of 
transfer function (see Figure 2.5). 
 

 
Hard-limit transfer function Linear transfer function Log-sigmoid transfer function 

Figure 2.5: Typical neuron transfer functions [26] 
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Feed-forward networks often have one or more hidden layers of sigmoid neurons 
followed by an output layer of linear neurons. Multiple layers of neurons with 
nonlinear transfer functions allow the network to learn nonlinear and linear 
relationships between input and output vectors. A typical network layout 
representation is shown in Figure 2.6 below, indicating the function of the weights 
W and the bias arrays B. 
 

 
Figure 2.6: Typical 2-layer feed-forward network [26] 

 
Properly trained back-propagation networks tend to give reasonable answers when 
presented with inputs that they have never seen. Typically, a new input leads to an 
output similar to the correct output for input vectors used in training that are 
similar to the new input being presented. This generalization property makes it 
possible to train a network on a representative set of input/target pairs and get 
good results without training the network on all possible input/output pairs, 
making this method attractive for the purposes of this study. 
 

2.6. Self-organizing maps 
The self-organizing map (SOM) technique is a neural network that features both 
competitive and cooperative learning. It is thus an unsupervised network. As a 
result it is able to detect patterns in a previously unknown or unspecified process. 
For the purposes of the project, the SOM is a logical and attractive choice of 
neural network for pattern identification, as it does not rely on previous 
knowledge of the output to be able to recognize patterns in the data collection. 
 
SOMs, or self-organizing topology-preserving maps (TPM), were developed by 
Teuvo Kohonen and can be considered to be the best choice of network for 
applications that involve mapping distributed sensory information into a two- or 
three-dimensional representation for purposes of pattern recognition [25]. 
 
The computational process of the SOM is a non-parametric recursive regression 
algorithm that is based on the stepwise regression of an ordered set of 
initialization vectors into the space of observation vectors [27]. The training 
process can be described as follows: 
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Assume an n-dimensional input space nV  with a probability distribution P(x) of 
vectors 1 2( , ,..., )nx x x x= . Assume further an m-dimensional output space mW , 
where m is usually smaller than n. The aim is to map the vectors nx V∈  onto the 
output space mW  while keeping their topological structure. This requires that 
vectors that are close together in the input space should also be close together in 
the output space and vice versa. It is customary to use the Euclidean distance 
x v−  for the determination of the minimum distance between vectors. 

 
The SOM is first initialized as a network of fixed topology. This may be a single 
line of connected units (neurons), a two-dimensional grid or any other suitable 
structure. A reference n-dimensional vector 1 2( , ,..., )i nm μ μ μ=  is associated with 
every node i which locates the node in nV . The reference vectors are now 
initialized randomly and inputs are generated, according to P(x). For every input 
ξ  the best-matching node cm  from the network is selected based on the smallest 
Euclidean distance to the input vector ξ : 
 
 arg min{ }ic mξ= −       (2.1) 
 
The selected unit cm  and its neighbours are moved toward the input vector, where 
the magnitude of the movement decreases with increasing distance of the 
neighbours to cm : 
 
 ,( 1) ( ) ( )[ ( )]i i c i im t m t h t m tξ+ = + − .    (2.2) 
 
The function , ( )c ih t  is called the neighbourhood function or kernel and has the 
important characteristic of converging to zero for big values of the time step t. 
 
  , ( ) 0c ih t →  for t → ∞  
 
This has the effect of increasing the stability of the network as the training 
progresses, resulting in increased conformity of the neuron map [28]. 
 
For the purposes of this research, existing software was used to implement the 
SOM algorithm. This software is called the Self-Organising Map Toolbox and 
was developed in the Laboratory of Computer and Information Science of the 
University of Helsinki [29]. It is an extended toolbox for use in MATLAB, and 
contains a number of specialized functions that allow the user to take advantage of 
the abilities of the self-organizing map. 
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The basic usage of the SOM Toolbox consists of the following steps: 
 

1. Construction of the data set in the appropriate form. 
2. Normalizing the data set. 
3. Training of the SOM map. 
4. Visualization of the map. 
5. Analysis of the results. 

 
Constructing the data set involves entering the data in array form. This can be 
done either in MATLAB itself or in the form of an ASCII file. Labels can be 
added to the data vectors for identification of the data.  
 
Normalizing has the effect of reducing the magnitude of the values of the data set 
proportionately so that all the data has the same range. This is necessary to 
prevent the network biasing itself towards the data sets with the highest 
magnitude. Once the learning process of the network is complete, the values can 
again be denormalized to facilitate analysis. 
 
The training of the SOM involves competitive and cooperative learning and is the 
essential part of the SOM technique. In essence a grid of interconnected neurons 
aligns itself to the data in such a way as to represent the best fit, as determined by 
the learning process.  
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Figure 2.7: Representation of the SOM process 

 
Figure 2.7 is a representation of this process for a two-dimensional dataset. The 
left side shows the original untrained map, represented by the dots interconnected 
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by prototype vectors, initialized outside the randomly selected data set, 
represented by the crosses. The right hand side shows the map after training as it 
has conformed to the data set. In this way the SOM has attempted to model the 
structure of the data set. 
 
The SOM has a number of built-in visualization tools, and Figure 2.8 below 
shows one of the most commonly used methods. This data set is obtained from a 
demonstration program of the SOM Toolbox for MATLAB and consists of the 
length and width measurements of the sepal and petal leaves of three types of 
plants. The colour maps indicate the magnitude of the measurements, such that 
areas that are a certain colour represent data clusters. A certain point on one map 
is at the same position on all the other maps, such that the bottom left point on all 
maps is the same data point. 
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Figure 2.8: Visualization of SOM data [29] 

 
The U-matrix plot is a visual representation of the distance between the 
neighbouring map nodes, and as a result the resolution of that map is much higher 
than that of the other maps. The U-matrix is interpreted by searching out areas of 
uniform dark colour on the map. These indicate borders between clusters of the 
map nodes. In Figure 2.8 for instance, the U-matrix clearly indicates two clusters 
in the map, located at the top and bottom respectively. The maps PetalL and 
PetalW show that the top cluster on the U-matrix corresponds to the map nodes 
with the highest values for those properties. 
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The basic SOM method of visualization above is essentially a representation of 
data sets that have more than three dimensions and as such cannot be shown in 3D 
space. It is used to recognize data clusters and aid in the selection of the analysis 
tools that are to be used. A great number of these are offered in the SOM Toolbox 
and the choice of which to use is determined by the shape of the data vector and 
the features of the map that are under investigation. 
 
Since the SOM technique offers powerful data visualization and pattern 
identification features it is used in this study to investigate the nature of the 
measured data and to identify the most important factors for further analysis. The 
resulting insight is then used to construct the feed-forward network for the 
purposes of classifying the measured parameters and to perform the evaluation of 
the reflex responses. 
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3. Objectives and requirements 
The objectives of this study can be identified as follows: 

• The development of a prototype measurement system that is equipped with 
the appropriate sensors and actuators to elicit and measure a reflex 
response. 

• Collection of a sufficient amount of data through clinical testing of the 
system to allow for the evaluation of the functionality and usefulness of 
the system. 

• Analysis of the clinically obtained data for the identification of 
characteristics of the reflex response that provide parameters for use in 
quantifying the reflex. 

• Design of a data processing system that can be used in conjunction with 
the reflex measurement system to evaluate reflex responses according to a 
standard grading. 

• Design of the measurement system and the accompanying data processing 
system in such a way as to allow for successful use in the context of 
telemedicine applications.  

 
The strategy that was followed to fulfil the objectives is shown in Figure 3.1. 
Once the needed sensory equipment and associated data acquisition hardware and 
software were developed, the clinical testing was to be conducted. The data that 
was captured during the tests was analysed and combined with the evaluations of 
qualified medical personnel for use in the final reflex evaluation system. 
 

Develop 
hardware

Develop 
software

Conduct 
testing

Doctor 
evaluation

Data 
analysis

Reflex 
evaluation 

system

 
Figure 3.1: Strategy for fulfilment of objectives 

 
The overall requirements for the system are as follows: 

• The system must be able to elicit and measure a reflex response accurately 
and reliably. 

• The system must be portable, easy to use and ‘foolproof’, i.e. allow proper 
attachment and operation by a facilitator with limited technical knowledge. 

• The system should be able to measure and quantify reflex responses with 
at least the same degree of accuracy as the subjective clinical evaluations 
performed by the doctors. 

• The reflex evaluation output by the system should be of a form that is 
informative and of clinical value to a medical practitioner. 

 
The following sections of this report serve to describe the process that was 
followed in more detail. Chapter 4 describes the hardware configuration of the 
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prototype measurement system, including the data acquisition system and its 
associated software. Chapter 5 focuses on the analysis of the data obtained during 
the clinical testing, the procedure followed to create the reflex evaluation system 
and the results of the system. Chapter 6 presents a discussion of the method that 
was used and the results that were obtained, as well as recommendations for 
future work. 
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4. Prototype system development 
As described in Chapter 3, the prototype reflex measurement system consisted of 
both hardware and software components. In terms of hardware, the appropriate 
physical configuration and required sensing equipment had to be identified, and 
the data acquisition procedure necessitated the development of appropriate 
software procedures. The main hardware components are described in this section, 
as well as a motivation for the particular configuration. 
 
Figure 4.1 shows the functional decomposition and main concepts. The main 
functional areas of the design were identified and broken down into sub-functions. 
Once the sub-functions were identified to a satisfactory degree of simplicity, a 
number of concepts to fulfil those functions were identified. The purpose of this 
exercise was to identify the main areas that needed to be considered and could 
significantly alter the final form of the design. The concepts are described below, 
according to the main sub-sections of the system. 
 

4.1. System attachment 
For the attachment of the sensory equipment to the subject, the main form of the 
system was influenced by the need to make the system as portable as possible. In 
this sense, a configuration was needed that consists in some way of a mounting 
platform for the needed sensors that can be attached to the subject. Since the 
motion of the lower leg was to be measured, the mounting platform was designed 
to attach to the shin. In addition, the impact location of the tendon tap had to be 
marked in some way. This need arose from the requirement to design the 
measurement system in such a way as to allow for easy and “foolproof” 
attachment and operation (see Figure 4.2). 
 
To securely attach the mounting platform, it was considered to either strap it on or 
attach it using some adhesive manner, since it was desirable to be able to attach 
and remove the mounting platform quickly and easily. As adhesives would have 
to be replaced for each test, the use of strapping was preferred. For this purpose, 
neoprene straps that were secured using Velcro were obtained. 
 
Because it was desired to allow the mounting platform to conform to the rounded 
shape of the leg, standard shin guards as available in sport and recreation 
equipment retail outlets were acquired. It was also considered to manufacture a 
custom cast to fit more snugly on the leg, but this was not done because for the 
prototype testing phase only the non-dominant leg was to be tested, and as the 
lower leg is non-symmetrical in the saggittal aspect, this would have necessitated 
the manufacture of two casts. Furthermore, a cast would not necessarily have fit 
all subjects. 
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Figure 4.1: Functional decomposition and main concepts 
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Figure 4.2: Sensor mounting platform with shin-guard and motion sensor 

 
The mounting platform was designed such that the distance from the motion 
sensor to the tendon would always be the same. This was achieved by providing 
an extended lip with a slight protrusion on the underside that could be positioned 
over the tendon. Provision was also made for the attachment of the motion 
sensors. The sensors are further described in Section 4.5.  
 
The platform was manufactured using standard PVC, and the final configuration 
is as shown in Figure 4.2. The shin guard is mounted on the lower leg of the 
subject, and the tip of the extended lip is positioned over the tendon to mark the 
position for the application of the impact to the tendon. This aspect of the system 
is further described in the next section. 
 

4.2. Reflex stimulus component 

4.2.1. Design requirements and overall concept 
In order to keep the stimulus or impact as similar as possible to the effect obtained 
by the physician, it was first necessary to determine a typical force or impact 
curve as produced by the hammer used in medical practice. This was performed 
using a modal hammer (PCB Piezotronics, Model 086C01, SN 11546,  
11.24 mV/N), which is commonly used in engineering to apply a measured 
impulse to a component, and accelerometers mounted on the component are used 
to measure the natural frequencies of that component. Since the function of the 
hammer is to measure the impact magnitude, this made it ideal for the required 
purpose as it was not necessary to acquire a device solely for this purpose and one 
could be fairly sure of its accuracy and quick response. 
 
A subject was asked to expose his knee, and a number of tendon taps were carried 
out. This experiment revealed that the peak impact force sufficient to elicit a 

Extended lip 

Mounting platform 

Shin guard 

Motion sensor 
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reflex response is 31 N with a variability of ±5 N. The duration of the impulse was 
12 ms with a spread of ±3 ms. These results agree well with Zhang et al. [21], 
who found a peak tendon tapping force of 32.7 ±7.5 N and, although they didn’t 
specify it, from supplied graphs the impulse duration was estimated as less than 
15 ms. As described in Section 2.3, this result also agrees well with Kim et al. 
[18], who showed an impact duration of 10 ms.  
 
The next step entailed the design of a configuration that could be used to apply the 
stimulus to the patellar tendon in accordance with the design requirements. Initial 
consideration of this problem offered a number of solutions for creating the 
impulse: 

1. Electromechanical actuation 
2. Pneumatic or hydraulic actuation 
3. Spring-loaded or manual actuation 

 
For each of these variants there were two options: either the actuator could be 
mounted on the subject by attaching it to the mounting platform described in 
Section 4.1, or it would have to be held in the proper position by a facilitator. The 
reason for these two options is due to the need for the overall system to be 
relatively portable and lightweight, and the other option would have been to 
design some type of test station consisting of a chair and suitable equipment, 
which did not conform to the requirements. 
 
The three variants above were considered carefully, and it was decided not to 
pursue the pneumatic or hydraulic actuation option any further due to: 

• Eventual dependence on outside sources for compressed air or oil 
• Relatively large power plants for each 
• Plausible danger to the subjects and personnel 
• Relatively poor control in the case of the pneumatic option 

 
Upon considering the other options, it was apparent that the spring-loaded or 
manual actuation offered the simpler solution. A preliminary investigation of 
commercially available solenoids also did not readily offer a suitable solution.  
The main inconsistencies were: 

• Insufficient force in the case of smaller, lightweight solenoid designs, 
which would be required for a configuration where they would be attached 
to the mounting platform so as not to affect the motion of the leg. 

• High current levels in the case of larger solenoids which had sufficient 
power to deliver an impact that was sufficient or in excess of the required 
levels.  

 
The current levels were considered too high to be safely used in a clinical setting 
as they could pose a risk to the facilitator who would be required to hold the 
solenoid in position. Although the electromechanical actuation alternative could 
potentially offer a more elegant, integrated and semi-automatic solution, for the 
purposes of this study the safety of the equipment was important, and the spring-
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loaded hammer alternative offered essentially the same functionality as a 
solenoid-powered solution. 
 

4.2.2. Spring-loaded actuator mounted on shin 
To better approximate the typical impact action that is carried out during a 
neurophysiological exam, a standard reflex hammer as used in normal clinical 
conditions was acquired. This hammer was of the ‘Queen-square’ type with a 
nylon grip, as shown in Figure 4.3 below. 
 

 
Figure 4.3: Queen-square reflex hammer with nylon grip 

 
This hammer consists of a disc-shaped stainless steel head rimmed with an o-ring-
type round rubber. The mass of the head is the primary source of the impact force, 
but the elastic shaft also contributes somewhat to the end-impulse on the tendon. 
 
It was first considered to mount this standard reflex hammer on the subject. 
Provision was made for this in the design of the mounting platform. This setup is 
shown in Figure 4.4 and, as can be seen, the proposed configuration involved the 
hammer position being adjusted such that when it is pulled backwards and 
released, it would strike on the point of the extended lip, whose rounded underside 
would have previously been positioned over the patellar tendon. 
 
This configuration allowed for a simple and straightforward impulse source that 
was able to repeatedly strike the same position. By adding non-stretching straps, it 
would have been possible to limit the extent to which the hammer was pulled back 
before release and thereby obtain a repeatable response. 
 
Using this configuration, it was decided that an approach based on accelerometer 
measurements would be the most effective way to obtain measurements of the 
force with which the hammer would strike the extended lip. For this purpose, a 
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MEMS-based 2-axis accelerometer was mounted on the top of the reflex hammer 
head, with the active axes in the plane of the impact direction (see Section 4.3). 
 

 
Figure 4.4: Sensor platform modified for the attachment of the reflex hammer 

 
In theory this approach looked promising. However, the first tests immediately 
revealed a problem: Due to the hammer being mounted on the same platform as 
the motion sensor, any forces or vibrations transmitted through the grip onto the 
mounting bracket were influencing the measurements obtained by the motion 
sensors. This was most apparent during the pull-back phase, when the entire shin 
guard was pulled backwards off the shin, and immediately after the impact of the 
hammer, where the vibrations were detected by the motion sensors. 
 
Notwithstanding this, it would still have been possible to continue using this 
configuration, as the motion sensors are of such a nature as to be able to 
compensate for the tilting effect caused by the pull-back. The vibrations also 
could have been accepted, as they do not appear in the same magnitude as the 
macro-motion of the lower leg, although the continued oscillation of the hammer 
after impact could adversely affect the measurements. However, the main problem 
with these effects was that they caused the entire shin guard and mounting bracket 
to shift positions, meaning that for any two consecutive tests the position of the 
apparatus could not be assumed to be the same. 
 

Shin guard

Reflex hammer

Motion sensor
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Consequently, the operation of the equipment using the hammer held by a 
facilitator was tested. This entailed the facilitator using the hammer much in the 
same way as a physician would, but striking a target point on the mounting 
platform’s extended lip. The impact would then be transmitted to the tendon by 
means of the rounded point on the lower section of the lip. 
 
This configuration did not work especially well. The main problems were that it 
was relatively difficult to achieve a repeatable force and strike the same point 
repeatedly. Another issue that was discovered during these tests was that the 
dynamic range of the accelerometers being used was insufficient and they 
repeatedly saturated. This meant that the peak input force could not be accurately 
determined (see Section 4.3 for more details). 
 

4.2.3. Manually positioned spring-loaded actuator 
Due to the fact that a repeatable impact force was desired, as well as that the point 
of impact needed to be the same in consecutive tests, a new concept for a spring-
actuated hammer was needed. Because of time constraints, it was decided to 
attempt to construct a crude prototype for such a device using readily available 
materials. A standard bolt and nut together with some washers and a spring were 
used to determine whether the concept would work, as well as to determine some 
starting values with which to begin a design. 
 
The crude prototype turned out to work well and was able to elicit reflexes of 
similar magnitude in consecutive tests. The testing was carried out by holding the 
device in the one hand and retracting the bolt against the spring using the other 
hand. By taking careful aim on a specific point on the extended lip of the 
mounting platform and releasing the bolt, the force applied to the tendon by the 
impact of the bolt that was accelerated using the spring was able to stretch the 
tendon sufficiently to elicit a reflex response. 
 
As these tests seemed to show that this design was feasible, more detailed design 
work was conducted. A more compact form of the principle was designed, with 
the inclusion of a trigger mechanism to allow for more precise aiming.  
 
By using the parameters of the crude device, the critical design parameters were 
determined. The mass of the bolt was used as a guideline for the new design, and 
the stiffness of the existing spring was used to determine a reference value for the 
new spring design. A detailed description of the process is given in Appendix B, 
but a brief overview is given here. 
 
By treating the impact of the hammer as an impulse of a fixed duration, the 
momentum that is needed to achieve the desired impact magnitude (P) of 40 N 
determines the velocity ( iv ) that is needed by the hammer rod, given values for 
the spring constant (k), the mass of the rod (m) and the initial compression of the 
spring (δ ). 
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The relationship between the impact and the initial velocity is given by the 
equation of motion of the rod 
 

0ivdvP m m
dt t

−= =
Δ

      (4.1) 

 
and the energy balance equation of the system is  
 

2 21 1
2 2 ik mvδ =       (4.2) 

 
By using these relationships and the guideline parameters as determined using the 
crude prototype, the optimal configuration for the new design was determined. 
The process was iterative and by changing the dimensions for the design and 
using standard values for the density of stainless steel and aluminium, the final 
configuration was designed such that the mass of the hammer rod was sufficient. 
Furthermore, by using the Design Assistant of Autodesk Inventor, a suitable 
custom spring design was chosen simultaneously. Once this was done, the spring 
was ordered and the design of the hammer was submitted to the workshop of the 
Department of Mechanical and Mechatronic Engineering. After assembly of the 
hammer, simple tests were carried out on a volunteer and the impact of the 
hammer on the tendon was found to be sufficient to elicit a reflex response. The 
hammer as used in the reflex tests is shown in Figure 4.5. 
 

 
Figure 4.5: Spring-loaded reflex hammer (unscaled) 

 

4.3. Impact force measurement 
From the system requirements it was deemed necessary to measure the force 
applied to the tendon during the impact. This was partly to ensure that a 
repeatable impact is delivered to the tendon by the hammer, but also to ensure that 
the force was actually transmitted to the tendon and the test was valid. It was 
determined that the force that was applied to the tendon by the neoprene straps 
prior to the tapping as well as the magnitude of the tapping force itself had to be 
measured. From these specifications, the following variations were considered. 
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To determine the applied force to the tendon prior to impact, some sort of load-
cell setup was necessary, as accelerometers would not have been able to determine 
this static force. But for the tapping force, an accelerometer would be better 
because this would rule out the inertia effect of whatever load cell was used. 
Research was conducted, and it was found that in a commercially available 
system [22] where the tendon tapping force was measured, an accelerometer-
based setup was used. However, strain gauge load cells have generally been used 
in research settings [18,19,20].  
 
While looking for commercially available load cells that could be used to measure 
the tapping force, it was difficult to find a load cell that matched the requirements 
in terms of size and dynamic response. A small compact load cell was required to 
measure the static pressure on the tendon due to limited space, and a load cell with 
low inertia was needed to measure the impact. For this reason, an accelerometer-
based system to measure the impact was considered. The options that were 
considered were accelerometers based on piezo-electric crystals and equivalent 
MEMS-based devices. Considerable difficulty was experienced in finding a 
suitable piezo-accelerometer, as those found in compact form are typically 
relatively expensive. In addition, the resolution and dynamic range of the 
accelerometers that are available and directly set up to measure single impact 
forces were found to be unsuitable. For this reason the focus turned to MEMS-
based accelerometers.  
 
Accelerometers of this type were found to be typically inexpensive, and a 
specimen was acquired from Analog Devices Inc. The accelerometer was a 2-axis 
type and was mounted on the top of the standard reflex hammer (see Section 
4.2.2). The x- and y-axes were aligned to be in the plane of the hammer impact 
direction, and in this manner the magnitude of the impact could be determined. 
 
However, when this setup was tested, it was found that the accelerometer 
saturated at the force levels used in normal taps of the tendon. Evidently, even 
though the dynamic range of the accelerometer had been chosen in accordance 
with the known values of the hammer impact, the nature of the sensor and the 
accompanying circuitry was insufficient for the required purpose. 
 
As described in Section 4.2, other factors also played a role in the selection of the 
impact sensors. Primarily, it was found to be desirable to have a repeatable impact 
force, and for this reason a spring-loaded hammer was designed. This 
development in part removed the necessity to accurately measure the impact on 
the tendon. Furthermore, it was discovered that a novel type of force sensor was 
available that could prove useful for the purpose of this study, called an FSR 
(Force-Sensitive Resistor). This is a polymer thick film (PTF) device that exhibits 
a decrease in resistance with an increase in force applied to the active surface [30]. 
More detail is given in Appendix C, but an illustration of the sensor components 
is shown in Figure 4.6. The relatively small size and the low price meant that they 
should be considered for the required purpose. 
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Figure 4.6: Components of Force-sensing Resistor (FSR) [30] 

 
Upon testing these sensors, reasonable results were obtained. Furthermore, 
because they were so inexpensive, a number of them could be used without 
significant cost increase. As the extended lip of the mounting platform was wide 
in relation to the patellar tendon, a slight misalignment could result in inaccurate 
measurements when only a single sensor was used. By arranging a number of 
sensors side-by-side on the underside of the extended lip as shown in Figure 4.7, it 
was possible to compare the values measured by the different sensors and 
determine which had been at the point of maximum pressure and impact force.  
 

 
Figure 4.7: Schematic of FSR layout with rubber component 

 
It was seen in the literature [21] that a rubber dome was used to mark the tendon 
and apply pressure to the most sensitive location before impact. A similar 
arrangement for the FSRs would allow for better targeting of the tendon and 
distribution of the impact to ensure that at least one FSR would record the 
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maximum impact. A longitudinal rubber component with a flat back-side and 
rounded on the front side was obtained. The rounded edge on the lip of the 
mounting platform was removed, and the FSRs, which are flat, were sandwiched 
between the underside of the lip and the flat side of the rubber (Figure 4.7). Four 
FSRs were aligned side-by-side approximately 5 mm apart (Figure 4.8).  
 

 
Figure 4.8: FSRs arrayed on extended lip 

 
The change in resistance of the FSRs was measured by using a separate voltage 
divider circuit for each sensor, and the output voltage was recorded using an 
analogue to digital converter (see Section 4.6 and Appendix C). 
 
However, there are some drawbacks associated with the use of FSRs. First and 
most important, their behaviour is nonlinear. They could also conceivably be 
damaged relatively easily and their accuracy and repeatability is somewhat poor, 
depending on the application. The configuration as described above was tested to 
investigate the inter-subject and intra-subject variability of their measurements 
with respect to the initial loading and the tendon tap. Preliminary testing indicated 
that the impact force was measured in the same range, and given that the impact 
as produced by the spring-loaded hammer should offer good repeatability, this 
was a good sign. Furthermore, the values for the initial loading were similar, 
although some variation can be expected as a result of different tension used in the 
elastic neoprene straps used to fasten the mounting platform to the lower leg of 
different subjects, which also changed with leg circumference. 
 
In conclusion, it was decided to proceed with the use of the FSRs owing to their 
ease of use, cost-effectiveness and small form factor. The low repeatability 
associated with the sensors meant that the magnitude of the recorded impulse was 
not guaranteed to be accurate. However, their good time response and a high 
sampling rate meant that they could at least be used effectively in a switching 
function to determine the relevant latency parameters that were to be investigated.  
 



Chapter 4   Prototype system development 

 34

4.4. Muscle activation measurement 
Although it was not in the initial purview of the project, consultation with a 
medical specialist resulted in the addition of measurement equipment to 
investigate the effect of muscle activation during a reflex response. This would 
allow verification of the measurement system by comparing the measured latency 
values to those given in the literature, as well as offering another dimension to the 
process of data analysis. 
 
To measure muscle activity, an electromyogram (EMG) is commonly used. 
Working on the same principle as an electrocardiogram, this system basically 
consists of an instrument amplifier that greatly amplifies very small electrical 
currents generated by the conduction of action potentials through muscle tissue. 
Measurement of the action potential is commonly performed in two different 
ways: by inserting electrodes under the skin into areas of muscle activity, or by 
means of surface electrodes placed on the skin that use a special conducting gel to 
pick up the electrical activity. 
 
A custom-built EMG device that had been constructed for use by Visagie [31] 
was used. This device consists of three leads, two of which are connected to the 
instrument amplifier, and one which acts as the ground lead. The output of the 
amplifier circuit is fed into a USB sound card and from there to the PC. 
 

 
Figure 4.9: EMG electrode arrangement 

 
By testing different electrode configurations on the leg, an optimum scheme was 
found by which the ground electrode is located in the centre of the quadriceps 
muscle, halfway up the thigh, and the right and left electrode were placed either 
side of the saggittal plane on the upper side of the leg just above the knee, as 
shown in Figure 4.9. This configuration was found to give the cleanest EMG 

ground 
electrode 

Active 
electrodes 
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signal in a number of tests. Other studies used other configurations, however this 
method was considered sufficient as long as the same positions were used for all 
tests. 
 

4.5. Limb motion measurement 
Several methods for measuring the motion of the lower leg as a result of the reflex 
response were investigated and reported upon in the literature review. As it was 
desirable to have the measurement system as portable and autonomous as 
possible, vision-based motion capture systems were rejected. Important factors in 
the decision-making process were cost and availability, and upon further 
consideration it was decided to use the Xsens MTx orientation sensors (Figure 
4.10), as the system had already been acquired by the Department of Mechanical 
and Mechatronic Engineering for a variety of other applications and was thus 
available. 
 
The system is described in the Xsens User Manual [32] as follows: 

The MTx (Xsens Motion Tech) inertial measurement unit uses MEMS-
based 3-axis rate gyroscopes, accelerometers and magnetometers in 
combination with a sensor fusion algorithm to provide real-time 3D 
orientation in the form of Euler angles, quaternions or rotation matrices at 
frequencies of up to 512 Hz. The fusion algorithm is based on Kalman 
filters and uses gravity as sensed by the accelerometers and magnetic north 
as sensed by the magnetometers to compensate for increasing errors 
resulting from the integration of the rate of turn data. This system is 
commonly termed an Attitude and Heading Reference System (AHRS), 
and is based on the same principles as used in aviation navigation and 
missile guidance systems. In combination with the Xbus Master system 
(Figure 4.11), these sensors have wireless capabilities through the use of 
Bluetooth communications. 

 
 

 
Figure 4.10: Xsens MTx sensor module [32] 
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The MTx system and its precursor, the MT9 motion tracker, has been used 
successfully for the measurement of human limb movement [5,33,34]. The system 
compares favourably with more traditional methods for motion capture, such as 
optical systems, and it offers significant advantages. For instance, the inertial 
motion sensors are not confined to the laboratory workspace [35]. 
 

 
Figure 4.11: Xbus Master system [32] 

 
The sensor platform (Figure 4.2) was designed to hold an MTx sensor in a 
bracket, and the distance from the sensor to the tendon was fixed as a result of the 
extended lip that had the FSRs mounted on the underside. As a result of this fixed 
proportion, it was possible to ensure a fixed position of the sensor with respect to 
the centre of the knee joint, which was important for accurate representation of the 
leg motion. 
 
The MTx sensors are able to output standard orientation data, calibrated sensor 
data or raw sensor data. Because the sensors consist of MEMS-based 
technologies, the effect of temperature on the readings is substantial. For this 
reason, temperature is also sensed along with the other information. A sensor 
fusion algorithm combines the various sensor outputs to deliver the orientation 
outputs, compensated for temperature.  
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The coordinate system as defined in Figure 4.12 is body-fixed to the sensor 
housing and is defined as the sensor coordinate system S. 
 

 
Figure 4.12: MTx sensor-fixed coordinate system [32] 

 
In the orientation output mode, the MTx calculates the orientation between the 
sensor-fixed co-ordinate system, S, and an earth-fixed reference co-ordinate 
system, G. By default the local earth-fixed reference co-ordinate system used is 
defined as a right handed Cartesian co-ordinate system (Figure 4.13) with:  

• X positive when pointing to the local magnetic North.  
• Y according to right handed co-ordinates (West).  
• Z positive when pointing upwards.  

 

 
Figure 4.13: Sensor coordinate system [32] 

 
The 3D orientation output is defined as the orientation between the body-fixed co-
ordinate system, S, and the earth-fixed co-ordinate system, G, using the earth-
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fixed co-ordinate system, G, as the reference co-ordinate system [32]. The actual 
alignment between the S coordinate system and the bottom part of the plastic 
housing is guaranteed to less than three degrees. 
 
The typical performance characteristics of the orientation output of the MTx are 
given by Xsens as follows: 
Dynamic Range:   all angles in 3D 
Angular Resolution: 0.05˚ RMS (1σ standard deviation of zero-

mean angular random walk) 
Static Accuracy (roll/pitch):  <0.5˚ 
Static Accuracy (heading): <0.1˚ (in homogeneous magnetic 

environment) 
Dynamic Accuracy:   2˚ RMS (may depend on type of motion) 
Update Rate:  user settable, maximum 120 Hz (inertial data 

maximum update rate is 512 Hz) 
 
The data format output modes for orientation data of the MTx sensors are: 

1. Euler Angles i.e. roll, pitch and yaw in aerospace or Cardan sequence 
2. Euler parameters, also known as unit quaternions 
3. Rotation matrix (directional cosine matrix) 

 
The convention is that a positive rotation is defined according to the right-hand 
rule, or clockwise in the direction of the axis of rotation. 
 
Although the Euler angle output format was desired because it offers the simplest 
representation of the orientation output, the definition of Euler angles involves a 
mathematical singularity when the sensor-fixed x-axis is pointing up or down in 
the earth-fixed reference frame. This singularity is as a result of gimbal lock 
occurring at the values of pitch approaching ±90 degrees. Due to this fact it was 
decided to record the output from the sensors in unit quaternion format.  
 
A unit quaternion data vector consists of four values, and can be represented as 
 

0 1 2 3, , ,( )GSq q q q q=       (4.3) 
 
where 
 

1q =         (4.4) 
 
The vector can be interpreted to represent a rotation about a unit vector 

{ , , }x y zn n n=n  through an angle α . 
 

cos , sin
2 2GSq α α⎛ ⎞⎛ ⎞ ⎛ ⎞= ⎜ ⎟ ⎜ ⎟⎜ ⎟⎝ ⎠ ⎝ ⎠⎝ ⎠

n      (4.5) 
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A quaternion is an efficient, non-singular description of 3D orientation [32]. The 
inverse ( SGq ) is defined by the complex conjugate of GSq , given by 
 

†
0 1 2 3( , , , )GS SGq q q q q q= − − − = ,     (4.6) 

 

and as defined here, GSq rotates a vector xs in the sensor coordinate system S to 
the global reference coordinate system G [32]. 
 

†
G GS S GS GS S SGx q x q q x q= =      (4.7) 

 

For later simplification, the unit quaternion GSq  can be converted to Euler angles 
by means of the following equations [32,36]: 
 

( )
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2 2
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1
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0 1

2 2tan
2 2 1

sin 2 2
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q q q q
q q

q q q q
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φ

θ

ψ

−

−

−

⎛ ⎞+= ⎜ ⎟+ −⎝ ⎠
= − −

⎛ ⎞+= ⎜ ⎟+ −⎝ ⎠

     (4.8) 

 

The definition for the Euler angles used here is in terms of roll, pitch, and 
yaw/heading, and is of XYZ Earth fixed type (subsequent rotation around global 
X, Y and Z axis, also known as aerospace sequence).  

• φ = roll = rotation around X
G
, defined from [-180°…180°] 

• θ = pitch = rotation around Y
G
, defined from [-90°…90°] 

• ψ = yaw =  rotation around Z
G
, defined from [-180°…180°] 

 
Figure 4.14: MTx mounting positions 

 
For the purposes of this project, two MTx sensors were used, one on the upper leg 
just above the knee, and the other on the mounting platform on the shin, as shown 
in Figure 4.14. The most important parameter for the analysis of the reflex 
response was the pitch angle (90-θ ), i.e. relative to the global vertical. 
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The purpose of the sensor on the upper leg was specifically to allow for the 
consideration of its movement during the reflex response, which was especially 
important for the virtual reality animation (described in Section 5.8). 
 

4.6. Data acquisition 
For the FSR data recording, a Measurement Computing Corporation (MCC) 16 bit 
Analogue and Digital Input/Output module was used. The unit could be accessed 
from MATLAB via the Data Acquisition Toolbox. The sampling rate was set at 
8000 Hz to ensure that the peak value could be detected accurately. 
 
The Xbus unit was connected to the PC through an RS-232-USB converter. Data 
recording was achieved by means of the COM object interface in MATLAB, with 
the necessary functions and controls supplied by the Xsens software development 
kit. The sampling rate was set at the maximum 200 Hz for orientation data 
acquisition. 
 
The EMG system was also accessed using the Data Acquisition Toolbox because 
it functions essentially as a USB sound card with a single channel. The sampling 
rate was pre-set at 8000 Hz through hardware limitations. 
 
A graphical user interface (GUI) was constructed in MATLAB to exercise control 
over the data acquisition. This allowed for sensor initialization, testing and data 
acquisition, as well as showing the results immediately after the test. Due to 
hardware limitations, it was not possible to obtain real-time data representation, so 
a pre-set data logging period of 10 seconds was performed for each test. 
 
A schematic of the data acquisition system is given below. 
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Figure 4.15: Schematic of data acquisition system 
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5. Analysis and results 
This section describes the process that was followed to collect and analyze the 
reflex response data and the associated subject information. The details of the test 
procedure are given, as well as the method used to obtain the subjective reflex 
evaluations from the doctors. The resulting data was analysed by first specifying 
the parameters to be used in further analysis, which was carried out as follows: 

• Statistical analysis of the parameters to evaluate their suitability for further 
analysis. This entailed investigation of each parameter to check for even 
distributions, evaluate the effect of data outliers, and remove invalid 
samples. 

• Use of self-organizing maps (SOMs) to investigate correlations and 
clustering in the data set, with the aim of selecting the most relevant 
parameters for further processing. 

• Classification of the data by use of supervised training of neural networks 
and parameter prediction using a feed-forward neural network with back-
propagation. 

 
The procedures used are explained in detail and the results obtained are discussed 
for each step. A detailed discussion of the results, conclusions and 
recommendations for further work are given in Chapter 6. 
 

5.1. Sample population 
A sufficient amount of data first had to be collected to allow the evaluation of the 
performance of the system. According to the Ethics Committee of the University 
of Stellenbosch, any research conducted on human subjects must be submitted to 
the Committee for Human Research (CHR) of the Faculty of Health Sciences for 
registration and approval. A research protocol was submitted on 14 February 2007 
and was approved on 4 April. 
 
As submitted to the CHR, the exclusion criteria for the study were as follows: 

• Participants that have not given written informed consent 
• Patients that are physically unable to partake in this study 
• Subjects that have any history suggestive of nerve root compression 
• Persons with previous knee injuries 
• Subordinates of the researcher were not to be included in the study 

 
Twenty persons were recruited from the student population at the Engineering 
Faculty. All subjects gave informed consent and completed a questionnaire that 
was aimed at determining factors that were important for the study (such as age) 
as well as recording medical conditions that could affect the validity of the results. 
This allowed the exclusion of subjects with conditions that could affect the reflex 
response. A sample questionnaire is shown in Appendix D. 
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Only male subjects were considered in an effort to keep the sample characteristics 
narrow and allow for better identification of relevant parameters. Since there is a 
certain amount of natural inter-person variability of reflex responses even for 
perfectly healthy persons, the aim was to limit the physical characteristics of the 
subjects somewhat so as to obtain a greater number of valid samples and thereby 
fill out the dataset. In this way, regions of low data point density in the dataset 
could be limited and the need for interpolation reduced, which is an important 
consideration for neural networks. 
 

5.2. Test procedure 
The test procedure itself was performed in the following manner: Before the test, 
the weight of the subject was determined, and physical measurements were taken 
of the circumference at the middle of the thigh and the lower leg, and the length of 
the lower leg. The participant was then asked to sit on an elevated platform, with 
their lower legs hanging loosely over the edge. 
 
The participant was asked to expose their non-dominant leg posterior to the hip to 
allow for the attachment of the sensory equipment to the leg. The body hair on the 
appropriate EMG measurement areas was removed with an electric trimmer and 
AgAgCl EMG surface electrodes were then attached to the upper leg. These 
electrodes are self-adhesive and have the electrode gel incorporated, therefore not 
requiring additional gel application. The motion sensor for the upper leg was then 
attached by means of a neoprene strap at a location approximately 100 mm 
proximal to the knee. 
 
The sensor platform with the associated motion sensor was then attached to the 
middle of the lower leg, at 150 mm proximal to the medial malleolus. Figure 5.1 
below shows the described configuration. 
 

MTx sensor

FSRs

EMG leads

Spring-loaded 
hammer

MTx sensor

 
Figure 5.1: Reflex test configuration 
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Once the setup was completed, the equipment was tested to ensure proper 
functioning of all the sensors and correct attachment of the sensor platform such 
that the extended lip with the FSRs was positioned over the tendon. This was 
accomplished by striking the upper side of the extended lip directly over the 
tendon with a standard reflex hammer. If a response was observed visually, the 
FSRs registered the impact, the EMG signal was seen to be significant and 
without noise, and the orientation sensors registered motion, recording of the data 
could commence. 
 
A digital video camera was positioned to record the test procedure, focused on the 
leg in question. When all preparations were complete, the testing commenced. 
The spring-activated hammer was cocked, and was manually positioned over the 
extended lip directly in front of the tendon. The hammer release was activated to 
impact on the tendon, eliciting a reflex. This procedure was repeated a minimum 
of four times with the subject sitting relaxed. At least 20 seconds were allowed to 
elapse between tests, and for each recording a note was made of the quality of the 
response as well as any unusual observations or occurrences. In the case of a test 
being observed to be invalid, this was noted and an additional test was performed.  
 
After the initial four tests that were conducted with the subject sitting relaxed, an 
additional four tests were conducted with the subject performing the Jendrassik 
manoeuvre. This was done to investigate the effect on the response of 
reinforcement. 
 
Once the appropriate amount of test data had been recorded, the sensors were 
removed and the procedure was repeated for the following participant. The 
procedure was totally non-invasive and painless.  
 
On average, the entire process was completed in approximately 30 minutes per 
participant. The period of testing spanned two months and was conducted 
concurrently with the development of the data processing procedure, with 
feedback from the insight gained from data available already. This resulted in 
small improvements in the procedure over time, but also meant that some of the 
first subjects had to be tested repeatedly. In the end, twenty full sets of data were 
available for subsequent analysis. 
 

5.3. Reflex evaluation by doctors 
As described above, a number of tests were carried out for each subject. The 
standard subjective evaluation of the reflex response recorded during each test 
was performed by three doctors. The evaluation was done according to the 
NINDS reflex grading scale (described in Section 2.1, shown in Table 2.1). Due 
to time and logistical limitations, the doctors performed the evaluations based on 
the video recordings of the reflex that were conducted during the testing 
procedure. This allowed for more effective time utilization as the evaluations 
could be performed independently of the testing procedure. 
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The background and experience of each of the doctors was as follows: 
• MBChB, MMed Orthopaedic Surgery, FC ORTHO (SA), current position: 

Private practice-Stellenbosch Knee Clinic 
• MBChB, current position: Senior registrar-Internal Medicine (Tygerberg) 
• MBChB, MMed Family Medicine, current position: Family physician-

Family Practice 
 
The resulting values were investigated for consistency, and it was found that for 
the majority of tests the variation was one grading level, indicating good 
consensus between the respective doctors, even though they came from different 
backgrounds and had different specializations. Figure 5.2 shows histogram plots 
of the difference in gradings given by the doctors. These plots show about the 
same amount of gradings for which the doctors were in agreement (indicated by 
zero), while very few of the differences were more that two grading levels. 
Although an exact quantification of this variation is difficult, this level of 
deviation can be quantified as about 1/5 or 20%, although it is not certain which 
evaluation would be in error since it is a subjective factor. Nonetheless, the 
purpose of this study was not to investigate the variation in evaluations between 
medical personnel, so the mean value of the three evaluations for each respective 
test was used in for further analysis. For clarity, this parameter is assigned the 
symbol G. 
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Figure 5.2: Histograms of difference between gradings (G) of doctors 

 

5.4. Parameter selection 
Before the processing of the data could begin, it was necessary to check through 
all the recorded data manually and remove all those test instances that were 
already identified as invalid during the testing procedure. This typically occurred 
due to the person anticipating the hammer impact or consciously resisting the 
reflex, and was evaluated in a visual manner during the test based on early leg 
movement prior to hammer impact or conspicuous resistance to leg movement. 
Once this was completed the processing commenced. 
 
Parameters that could be used to represent the nature of the reflex response most 
accurately and sufficiently had to be identified before meaningful information 
could be gleaned from the raw data. The selection of these parameters was 
influenced by the objectives of the study, namely that there was a need to measure 
the following parameters: 

• The magnitude of the impact on the tendon 
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• The latency of the reflex action 
• The magnitude of the movement of the lower leg 

 
An algorithm was constructed to determine the needed parameters as effectively 
as possible. Rules for selection were constructed as follows: 
 
For the FSRs, the key parameters were: 

• The maximum value of the signal resulting from the impact, done by 
determining the maximum value in the signal. 

• The time of the impact, taken as the instant the maximum impact value 
was recorded. 

 
For the EMG signal, the key parameters were: 

• The maximum value of the EMG signal. 
• The time of the EMG response, taken as the point of maximum EMG 

signal. 
 
For the orientation sensors, the key parameters selected were: 

• The maximum change in pitch of the sensor on the lower leg. 
• The time of maximum change in pitch. 
• The maximum angular velocity i.e. the first time derivative of the pitch. 
• The maximum angular acceleration or more specifically the second time 

derivative of the pitch. 
• The time of maximum angular acceleration. 

 
For the determination of the first and second time derivatives of the pitch, a 
backward and a central finite difference, respectively, were used: 
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  (5.2) 

 
A typical result is shown in Figure 5.3. Of interest here is that the small peak in 
the value of the pitch at approximately 3.7 seconds translates into a significant 
spike in the value of the angular acceleration. The magnitude of this spike is so 
high that the value of the angular acceleration resulting from the macro-motion of 
the swinging leg can barely be discerned in the plot. Investigation of other reflex 
tests showed the same spike in the angular acceleration signal. The small peak 
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seen in the pitch plot is in fact the time of impact of the spring-loaded hammer on 
the sensor platform, and because it shows so clearly in the second time derivative 
it was used in the analysis as a check against the time of impact as measured by 
the FSRs. 
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Figure 5.3: Dynamic characteristics of a typical reflex response: MTx sensor 
 
As mentioned above, the values of maximum angular velocity and acceleration as 
a result of the macro-motion of the leg were to be determined. However, the 
graphs above show a very uneven plot for these values as determined by the 
equations given above, and the maximum values resulting from the hammer 
impact are greater than those resulting from the macro-motion. Smoothing was 
applied to the measurement to allow better determination of these parameters.  
 
A number of different smoothing methods were tested. The most straightforward 
method, a moving average, did not give good results. The main problem was 
caused by the combined effect of a low sampling rate and the large spike in the 
angular velocity and acceleration signal resulting from the hammer impact. 
Ultimately the best signal was obtained by using a locally weighted scatter plot 
smoothing method that employs least squares quadratic polynomial fitting, a 
function provided by MATLAB.  
 
Since the interest was for the macro-motion, an adapted smoothing method was 
used that is resistant to outliers and involves robust smoothing that assigns a 
weighting of zero to data outside of six mean absolute deviations of the signal. In 
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this way the effect of the large spike in the velocity and acceleration due to the 
hammer impact was minimized. 
 
From these smoothed signals a better representation of the angular velocity and 
acceleration was obtained. It was thus easier to obtain a representative maximum 
value using the algorithm. An example of this process is shown in Figure 5.4, 
where the same measurement as shown in Figure 5.3 is shown with the smoothing 
applied. It can be seen that the magnitude of the spike due to the hammer impact 
is greatly reduced in both the angular velocity and acceleration signal. This allows 
for a better determination of a suitable peak value for further analysis.  
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Figure 5.4: Shape of smoothed angular velocity and acceleration 
 
Other important information such as the age and weight of the subject were also 
recorded and used in the analysis. The parameters were identified as shown in 
Table 5.1 (see Appendix E for a more detailed description of the parameter 
selection algorithm). For purposes of clarification: 

• The maximum FSR value in newton is obtained by converting the 
measured voltage values to force values according to the calibration curves 
given in the sensor documentation. The algorithm is described in 
Appendix C. The value used in the analysis is that of the FSR with the 
maximum value. 

• The maximum change in pitch is calculated by subtracting the value of the 
pitch of the lower leg in its rest position prior to the reflex action from the 
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maximum measured value, giving the change in angle resulting from the 
reflex action. 

• The non-smoothed angular acceleration value is used in the analysis as a 
cross-check to the time of impact measured by the FSRs. As such, its 
maximum value is of secondary importance, and the latency between it 
and the peak FSR value is the relevant factor. 

• All the latency values are given an offset as a result of different data 
acquisition hardware being used for each. A calibration test was carried 
out and average offset values were incorporated into the values used for 
the analysis (see Appendix E). 

• The values for the upper thigh diameter, and the lower leg length and 
diameter were incorporated to give an indication of the upper thigh muscle 
mass, and the lower leg moment arm and mass. 

 
Table 5.1: Parameter designations 

Parameter Symbol Unit 
Maximum EMG value Q volt 

Maximum FSR value P newton 

Maximum change in pitch Θ  degrees 

Maximum angular velocity (smoothed) ω degrees per second 

Maximum angular acceleration α degrees per second2 

Maximum angular acceleration (smoothed) mα  degrees per second2 

Latency between P and Q Q Pτ −  seconds 

Latency between P and Θ  PτΘ−  seconds 

Latency between P and α  Pατ −  seconds 

Latency between P and mα  
m Pατ −  seconds 

Latency between Q and Θ  Qτ Θ − seconds 

Latency between Q and mα  m Qατ − seconds 

Upper thigh diameter D mm 

Lower leg length l mm 

Lower leg diameter d mm 

Subject age A years 

Subject weight W kilogram 

Subject height H metres 

Reflex grading G n/a 
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5.5. Statistical analysis 
A basic statistical analysis was performed using Microsoft Excel and the Statistics 
Toolbox of MATLAB after the key parameters had been determined using the 
parameter selection algorithm. The goal of this was to investigate the distribution 
of the data, identify outliers and check the validity of the algorithm results. 
Descriptive statistics of the complete dataset are briefly discussed and the 
distribution of each separate parameter is investigated by means of histogram 
plots. 
 

5.5.1. Complete dataset 
Table 5.2 below shows some descriptive statistics for the selected parameters. A 
comparison of the mean and median values shows that they are relatively close, 
indicating distributions that are not excessively skewed.  

 
Table 5.2: Descriptive statistics for complete data set 

parameter unit mean median mode 
standard 
deviation 

sample 
variance min max 

Q V 0.27 0.24 0.53 0.18 0.03 0.00 0.53 

P N 38.55 37.32 N/A 9.97 99.50 22.01 69.62 

Θ  deg 11.5 11.4 N/A 6.4 41.2 -0.3 24.0 

ω  deg/s -74.6 -71.1 N/A 44.1 1945.3 -187.6 -1.5 

mα  deg/s2 -1897.2 -1332.9 N/A 1598.6 2555443 -8953 -24.2 

Pατ −  sec -0.069 -0.067 N/A 0.008 0.000 -0.090 -0.054

Q Pτ −  sec 0.0324 0.0334 0 0.0156 0.0002 0 0.1446

PτΘ−  sec 0.358 0.365 N/A 0.060 0.004 0.073 0.698 

m Pατ −  sec 0.177 0.171 N/A 0.036 0.001 0.133 0.428 

QτΘ−  sec 0.300 0.331 0 0.098 0.010 0.000 0.406 

m Qατ −  sec 0.129 0.135 0 0.047 0.002 0.000 0.242 

G n/a 2.7 2.7 3.0 0.7 0.5 0.7 4.0 

d mm 388 380 370 21 454 365 450 

l mm 443 450 460 26 694 380 490 

D mm 542 543 560 28 789 465 590 

A yrs 23.7 24.0 24.0 1.5 2.3 19.0 27.0 

H m 1.81 1.82 1.82 0.05 0.002 1.73 1.92 

W kg 80.6 80.0 74.0 8.3 68.8 68.0 109.0 
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As can be seen, the values of the angular velocity ω  and acceleration mα  are 
negative due to the sign convention used for their calculation. A large negative 
value thus indicates a faster response. The values for Q show a value for the mode 
which is the same as the maximum value. Further investigation revealed that this 
is due to a hardware limitation resulting from saturation of the circuitry. 
 
As described above, Pατ −  was included as a check on the accuracy of the time 
recorded by the FSRs for the hammer impact. The value for the mean shows a 
significant offset between the FSR and MTx time. This indicates that the standard 
offset time as determined by calibration (described in Section 5.4) is not accurate. 
However, as can be seen by the standard deviation, this value does not vary 
significantly. Furthermore, the standard deviation of this parameter is of the order 
of 10 ms, and if one considers that the sampling period of the MTx (the limiting 
factor in this case) is 5 ms, the variation is acceptable. 
 
Of course, the fact that the offset values may be inaccurate introduces an offset 
error into the respective latency values, meaning that they cannot be readily 
compared directly to values given in the literature. However, for the purposes of 
the SOM investigation the absolute values are not as important as the relative 
difference. 
 
Looking at the various latencies involving the EMG signal (Q), it can be seen that 
the standard deviation is typically very high. In addition, all show a mode and a 
minimum value of zero. These results are due to the fact that in a number of tests 
the EMG recorded no significant peaks resulting from the reflex action due to 
very weak muscle activity. As the maximum value of the EMG data was 
determined for further analysis, in these cases the highest value of the random 
noise in the signal was selected. This resulted in a recorded instant of EMG 
activation that occurred at any point in the 10 second dataset and not necessarily 
close to the time of hammer impact. In this case, the data reduction algorithm was 
constructed to reject latency values that were negative or outside a certain range. 
The time of EMG signal occurrence was simply set to zero in such cases. 
Although this approach invalidates the specific test for analysis purposes, it must 
be considered that in the case of a zero reflex response, no muscle activity can be 
recorded. This meant that the entire dataset could be further analyzed only by 
removing the invalid tests, but if the latency parameters involving Q are removed, 
these tests could be included, since the low Q values simply indicate weak or no 
muscle activity. 
 
In terms of comparison specifically to the latency values of the EMG response of 
20 ms with a jitter of 5-6 ms as reported by Dick [8], and other studies that 
reported a latency of 30-40 ms [1,24], the statistics for Q Pτ −  show a similar value, 
although the results are skewed by the zero values. However, the median is 33.4 
ms, which is similar to the abovementioned results, and the maximum value 
seems to be an outlier. Further investigation showed that this outlier is a single 
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EMG maximum resulting from noise that coincidentally was less than the 
maximum latency period specified for the algorithm, and was removed from 
further analysis. 
 
Since the sampling rate of the FSRs and the EMG is much higher than that for the 
MTx, the values for Q Pτ −  are probably the most accurate of all the latency 
measurements. Notwithstanding this, the latency values involving MTx 
measurements have a relatively low variation and can be used as approximations 
to within 10 ms of the true values. 
 
Not much of significance can be identified by the mean values of the physical 
parameters, as these are subject-specific values. As the reflex grading G shows, 
the distribution of the subjective evaluations as obtained from the doctors is 
skewed toward the higher values. Ideally one would like to have the mean and 
median to be around two, but since very few of the conducted tests were evaluated 
as zero grading reflexes, this skews the data toward the higher values. 
 

5.5.2. Histograms 
Histograms and cumulative percentage plots are given on a parameter basis to 
illustrate the distribution of the parameters recorded. 
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Figure 5.5: Histograms for measured parameters and G 

 
The plot for Q in Figure 5.5 shows a uniform distribution, with a significantly 
higher bar around 0.5, which again shows the effect of the upper limit of the EMG 
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circuit. These values introduce a slight skewing of the mean towards higher values 
and it must be considered that this could affect the results of the SOM and ANN. 
Many of the other parameters show a quasi-normal distribution, but of interest is 
that the distribution of mα  seems to increase rapidly toward the smaller values, 
while the values for ω  show a more even distribution. The values for Θ are fairly 
uniformly distributed as a result of the different magnitudes of reflex responses 
recorded. Overall, the distribution of these parameters shows no anomalies and 
can be considered for further analysis. 
 
The histogram for G shows the distribution of the mean reflex grading values of 
the three doctors. The number of reflexes that were graded as 1 or 4 is 
significantly less than those that were graded as 2 or 3. This is probably as a result 
of the sample population of generally healthy subjects that were used to conduct 
the tests. 
 
In Figure 5.6 the number of zero values for Q Pτ −  can seen, as well as a few 
measurements that are above 50 ms. 
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Figure 5.6: Histograms for latency values 

 
As seen with Q Pτ − , the values of QτΘ−  and 

m Qατ −  also show a significant number 
of low values appearing as outliers, while PτΘ−  and 

m Pατ −  do not show this, 
indicating that the latency values involving Q are not reliable indicators for use in 
the characterization of the reflex response. In addition, those latencies not 
involving Q have fewer outliers than the others. 
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Figure 5.7: Histograms for physical parameters 

 
Relatively little information can be found when considering the histograms for the 
physical parameters as shown in Figure 5.7, as these are subject-specific. Ideally 
these distributions should be as uniform as possible for the neural network 
analysis, since distributions such as that shown in the plot for the age could falsely 
indicate relationships to the reflex response, especially in the case of a limited 
amount of samples. 
 

5.6. SOM analysis 
As described in Section 2.6, self-organizing maps were used for the primary 
investigation of the data. This was done by means of SOM visualizations, and the 
aim was to identify patterns and correlations in the data. In this section the results 
of the analysis will be given along with a brief discussion of each step. For a more 
detailed description of the SOM construction process refer to Appendix F. 
 
As a preliminary step a rough SOM was constructed using all the parameters that 
had been identified. The purpose was to find those parameters that showed a 
similar distribution, which will be the most relevant for further analysis. The SOM 
visualization for this step is shown in Figure 5.8. Since for this map the latencies 
calculated using the EMG data were included, the test sets that contained the 
outlier zero latency values were removed for this step. 
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Looking at the value distributions, it is apparent that Q, Θ , ω , mα  and G all 
follow a similar distribution, indicating a relationship between them. None of the 
other parameters show a relationship to the reflex grading values. With respect to 
the upper limit in the Q values, it can be seen that the high values are all in the 
same region, indicating that the skewing has little effect. 

 
Figure 5.8: SOM for all parameters 

 
The above map shows little indication of the physical measurements of the subject 
having a significant relationship with the reflex evaluation. As can be seen by the 
maps of d, D, and W, there is a correspondence between leg diameters and weight 
of the subject. The values for the tendon impact P show a very uneven 
distribution, indicating that they do not affect the reflex response significantly. 
The U-matrix, which is a measure of the distance between neighbouring neurons, 
shows a small area of low unit density on the middle right side, otherwise the map 
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distribution is rather uniform. This area corresponds to the high value area found 
in the plot for d and W. 
 
Because of the problem with the latency values involving Q, a SOM was 
constructed where all latency parameters relying on the EMG values were 
excluded. This was done to investigate the effect of these parameters on the 
training process. The result is shown in Figure 5.9. In this instance, the tests 
involving the zero latencies of the EMG measurement that had previously been 
removed were added again. 

 
Figure 5.9: SOM with latencies from EMG measurements removed 

 
As can be seen, the removal of these latency parameters had little effect on the 
SOM distribution. The U-matrix shows another area of low unit density on the left 
side of the plot that corresponds to areas of low values on the maps of D and W, 
while the values for Θ ,ω , mα  and G still show a correlation. As in the previous 
figure, the plots for the various latencies seem to show little relation to G.  
 
According to these SOM plots, the physical parameters of the subjects have little 
correlation with the reflex grading. The next step was to remove these parameters 
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from the SOM, and this is shown in Figure 5.10. By training a SOM without these 
parameters, the relative effect of some of the data outliers of these parameters on 
the training process could be evaluated (it was seen in the histogram plots of 
Figure 5.7 that parameters such as the age and mass had outliers that skewed their 
distribution). 

 
Figure 5.10: SOM with EMG latencies and subject measurement data removed 

 
The U-matrix above shows a cluster boundary at the bottom, indicating definite 
changes in the nature of the data. It can be seen in the above figures that the trends 
of Θ ,ω , mα  and G correspond, with ω  most similar to G. The cluster boundary 
in the U-matrix corresponds well with the changes in the maps of ω  and PτΘ− . Of 
interest is also that the distribution of Q values is similar to that of Θ ,ω , mα  and 
G, indicating that higher Q values correspond to higher reflex values and vice 
versa. 
 
From the above analysis the following conclusions can be drawn: 

• All maps showed a similar distribution for Q, Θ ,ω , mα  and G, with ω  
corresponding especially well with G. 



Chapter 5   Analysis and results 

 57

• The values for Q showed a fairly even distribution with no noticeable 
skewing effect. This meant that the saturation of the EMG system had 
little effect and the measurements could be used for further analysis. 

• Latency values determined from EMG measurements show no correlation 
with G. These parameters could be removed from the analysis without 
negatively affecting the results, allowing the use of all tests in the analysis. 

• Some of the physical subject measurements have outliers that negatively 
affect the SOM, introducing areas of low neuron density. Training the 
SOM without these parameters produced a more uniform distribution in 
the U-matrix, producing a clear cluster boundary corresponding to high G 
values. 

• The SOM in each case showed a uniform distribution that increased 
gradually in a certain direction for the G values as well as for other 
parameters, indicating that the SOM is able to produce a good fit to the 
data and showing that it is a suitable method for the analysis. 

 
The SOM offered valuable insight into the relationships between the various 
parameters and identified some parameters that could be excluded from further 
analysis. However, it was not as suitable for data classification and parameter 
prediction as a supervised neural network, which was the next step in the analysis 
process. 
 

5.7. Supervised neural network 
Having conducted the analysis of the data using self-organizing maps, it was 
desired to use the information gleaned from that process to construct a neural 
network that has as its outputs the reflex grading G, since these values offer a 
concise characterization of a reflex that is familiar to medical personnel and easily 
understood. This was performed by using supervised network training as offered 
by the SOM Toolbox, as well as using a more conventional feed-forward back-
propagation neural network. The latter was conducted using the Neural Network 
Toolbox for MATLAB, and was primarily used to conduct testing of the ability of 
the available data to give the desired outputs, while the former was used to 
investigate classifications in the dataset. 
 

5.7.1. SOM classification 
By removing the values for the reflex grading from the training set and specifying 
them as the target values, or classes, of the input vector, the SOM algorithm is 
able to train the map to approximate the target values to practically any desired 
degree of accuracy. The factors that influence this are the training method, size of 
the network mesh, and allocated training time. Here one faces the problem of 
having to decide to what degree of accuracy one wants the map to fit to the known 
data as opposed to the degree of accuracy that is required to improve the ability of 
the map to generalize, i.e. to be able to identify data vectors that the map has not 
been trained with previously. 
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The supervised SOM was trained using the dataset with the latency parameters 
involving Q removed so that all tests were included. The process was conducted 
once with the physical measurement parameters (d,l,D,A,H,W) included, and once 
more with them removed. Figure 5.11 shows the U-matrix of a supervised SOM 
trained using a medium-sized network mesh of 66 neurons (11x6) with these 
parameters included. The numbers indicate the grading class as computed by 
training. Notice the apparent clustering, with very little overlap between the 
differing values. Boundaries between the clusters are also easily identifiable.  

U-matrix

 

 
1

1

1

3

3

3

3

3

3

3

3

1

2

3

3

3

3

3

3

3

3

3

2

2

2

3

3

3

3

3

3

3

3

2

2

2

2

3

3

3

3

3

3

3

2

2

2

2

4

4

3

3

3

3

3

2

2

2

2

4

4

4

3

3

3

3

0.0558

0.343

0.629

 
Figure 5.11: U-matrix for supervised SOM with 11x6 mesh 

 
By comparing the classification resulting from the training with that of the 
original data set it is possible to calculate the classification error. For the above 
case the error is 14.4%. It was found that removing the physical measurement 
parameters increased the classification error to 22.4%, indicating that these 
parameters aid the SOM in the classification of the input vectors and should be 
included for further analysis. 
 
For comparison, Figure 5.12 shows the U-matrix for the same data set (i.e. 
including the physical measurement parameters) utilizing a mesh consisting of 
252 neurons (21x12). For this case the error is 6.3%, indicating that the SOM has 
obtained a better fit to the input data, but its generalization capacity is lower. 
Removing the physical measurement parameters increased the error to 10.6%. 
 
Figure 5.13 and Figure 5.14 offer a convenient way to investigate the hit history 
of these maps. The hit history is calculated by determining the number of times a 
neuron of the trained map is the best-matching unit (BMU) of the original data 
vector. The BMU of a data vector is the unit on the map whose model vector best 
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resembles the data vector, and in practice the similarity is measured as the 
minimum distance between the data vector and each model vector on the map. 
 
It can be seen that the 11x6 SOM has a better distribution of hits and fewer empty 
units than the 21x12 SOM. A lower hit density indicates that the SOM has over-
fitted on the training data, meaning that it has memorized the topology of the 
information, but will not necessarily be able to provide good approximations in a 
generalized test. 

 
Figure 5.12: U-matrix for supervised SOM with 21x12 mesh 

 
For the currently available set of data, the 11x6 SOM is better suited for 
classification purposes. It is desirable for the map to exhibit an amount of stiffness 
over the data if the purpose is to use it as a method of analyzing reflex tests to 
deliver a suitable and correct value for the reflex grading. This can be illustrated 
by looking at the 3-dimensional representation of the U-matrices for each case, as 
shown in Figure 5.15 and Figure 5.16.  
 
The uneven variation in distances between neighbouring neurons for the 21x12 
SOM reduces the chance of finding the true BMU of any new data vector, 
whereas the 11x6 SOM has smoother transitions between the low and high 
difference regions, increasing the probability of achieving a hit on a BMU that 
corresponds to the correct location on the map. 
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Figure 5.13: Hit diagram for 11x6 SOM 
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Figure 5.14: Hit diagram for 21x12 SOM 

 

 

Figure 5.15: 3D plot of U-matrix for 11x6 

SOM 

 

Figure 5.16: 3D plot of U-matrix for 21x12 SOM 

 
In summary, although the above method using the supervised SOM is useful to 
investigate the classification and clustering of the input data and offers convenient 
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and powerful ways to analyze the generalization ability of the trained map, there 
is some uncertainty as to the accuracy of the method. It is also difficult to 
determine the proper size of the SOM to be used for generalization purposes, and 
little quantitative information is available to aid in this decision. In the following 
section the implementation of feed-forward neural networks using back-
propagation to improve the process is described. 
 

5.7.2. Feed-forward neural network using back-propagation 
Feed-forward networks are networks that use supervised training through one or 
more sequential hidden layers followed by an output layer, and back-propagation 
refers to the method used to update the weights in the various layers during 
training (see Section 2.5 and Appendix F for a more detailed discussion of the 
methods used).  
 
The analysis was carried out using a feed-forward network utilizing Levenberg-
Marquardt optimization for back-propagation as available in the Neural Network 
Toolbox for MATLAB. The network consisted of 1 hidden layer with 20 neurons 
and one output layer with 1 neuron, as shown in Figure 5.17. 
 

 
Figure 5.17: Feed-forward network structure [26] 

 
As in the case of the supervised SOM, the complete dataset without the latency 
values derived from the EMG measurements and G was used as input, while G 
was given as target output. The performance of the network was measured using 
the mean square error (MSE) between the network output and the target values as 
provided by the training data, and early stopping was employed to improve the 
generalization performance of the network (a mean square error of zero indicates 
a perfect fit, while a value above 0.667 indicates a very poor approximation and is 
the upper limit for effective network performance). The data set was split 
randomly into three parts, of which 60% of the data was used for training, 20% 
for validation and 20% for network testing. Training was stopped early at the 
point where the validation error started increasing.  
 
Figure 5.18 shows a representative plot of the training process. In this particular 
training session, the training was stopped after eight training epochs, or complete 
data pass-through iterations and weight adjustments. The performance of the 
network is shown as a mean-square error (MSE) of 0.0015 between the training 
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data set and network output, which occurred after the MSE of the validation data 
set had ceased to decrease and began to increase again. This performance graph 
will differ for different divisions of data into the respective sets, but serves to 
illustrate the training process.  
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Figure 5.18: Representative graph of network performance 

 
Once training was completed, a linear regression analysis of the network outputs 
versus their respective target outputs was performed to determine the ability of the 
neural network to predict the correct target. In Figure 5.19, Figure 5.20 and Figure 
5.21 the regression analysis of a representative network training iteration is shown 
for the different data sets. The R-value or correlation coefficient is a measure of 
the correlation between the network outputs and targets: a value of 1 means a 
perfect correlation exists, while a value of 0 indicates a random relationship. 
 
If the outputs of the trained network were exactly equal to the targets specified 
during training, the best linear fit would be identical to the dashed line. All three 
of these plots show a relatively good correlation with high R-values, but they are 
indicative only of a specific trained network and depend on which sets of data are 
selected as the training, validation or testing set.  
 
The complete training process was repeated 50 times to investigate the 
consistency of the results, with the datasets partitioned randomly for each separate 
iteration. A box plot of the regression values is shown in Figure 5.22, showing the 
features of the distribution over the 50 iterations. 
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Figure 5.19: Training regression analysis 
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Figure 5.20: Validation regression analysis 
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Figure 5.21: Testing regression analysis 
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Figure 5.23: Box plot for MSE values 

 
This iterative procedure should theoretically give a good indication of the 
robustness of the network architecture and its ability to predict the correct output 
values, while compensating for the limited amount of input data. As can be seen, 
the R-values for the training have a much narrower distribution than those of the 
validation and training sets. The distribution of the validations is not as significant 
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since their purpose is only to indicate when the training should stop. However, the 
R-values for testing give a good indication of the ability of the selected network 
structure to generalize on a given input. The mean value is approximately 0.83 
and the main distribution is between 0.75 and 0.9, indicating that the network 
outputs are consistent and have an accuracy that is generally above 70%. 
 
Figure 5.23 shows the MSE values of the training data recorded for the 50 tests. 
Although not shown here, there are eight outliers that are higher than 0.01, with 
the highest at a value of 0.45. These outliers indicate that a number of training 
iterations were stopped early before the network was able to accurately produce 
the target outputs due to an increase in the MSE of the validation set. 
Notwithstanding this, the corresponding R-values still gave good results and 
indicate that the network performs well with the given inputs for the majority of 
the training iterations. 
 
To investigate the effect of early stopping on the training process, another set of 
50 training iterations was conducted where the criterion to stop training was 
specified as a tolerance on the MSE. In this way validation was not needed and 
this would allow the use of the validation data set as part of the training set. This 
was done to investigate whether the performance of the network would increase if 
more training data is supplied. The mean value of 0.0011 for the MSE as 
determined in the 50 iterations using early stopping was used as the threshold 
value to stop training as this would offer reasonable assurance that over-fitting 
would not occur. The division of the data set was 80% to 20% for the training and 
testing sets respectively, and the same network structure as used in the previous 
analysis was used to allow for comparison between the two. 
 
Figure 5.24, Figure 5.25, and Figure 5.26 show the box plots results of this 
analysis. It can be seen that the MSE values are somewhat lower than those 
obtained using early stopping. This indicates that the network has obtained a 
better fit to the data and suggests that some over-fitting has occurred. Looking at 
the R-values for the training, their distribution is narrower than is the case for the 
early stopping result, although there are some outliers at lower values that are not 
shown here (the lowest is at 0.68, similar to what is shown in Figure 5.22). 
However, the R-values for the testing data set were generally poorer than those 
obtained using early stopping, with a mean of 0.79 compared to about 0.84, and a 
lower bound of 0.52 compared to 0.68.  
 
These results indicate that the validation process improved the training of the 
network and its generalization ability. While more training data improved the 
ability of the network to output the required targets, its generalization ability 
suffered since it had no mechanism to determine when over-fitting occurred. From 
these results it can thus be concluded that early stopping is desirable in this 
application, but that a proportional increase in the amount of data for the testing, 
validation and testing sets will likely increase the performance of the network. 
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Figure 5.26: MSE values (no validation) 

 
In summary the above can be considered good results when considering the 
somewhat limited training data. It was seen that with the data input consisting of 
Q, P, Θ , ω , mα , Pατ − , PτΘ− , 

m Pατ − , d, l, D, A, H, and W and the target output of 
G, the network utilizing early stopping was able to predict the correct G value for 
85% of tests on average with a training and test data set of 160 tests, grouped 
randomly for 50 iterations. This network performance is of the same order as 
found in the deviation of the subjective reflex evaluations between doctors 
(approximately 80%) and can be considered sufficient for the required purpose of 
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evaluating the reflex responses to the same degree of accuracy as commonly 
achieved by a doctor. 
 

5.8. Virtual reality 
Since one of the main aims of this research was to investigate ways in which the 
data recorded can be represented in an informative and user-friendly manner for 
use by medical personnel, it was necessary to look at ways in which an accurate 
representation of the reflex response could be shown.  
 
The main way of accomplishing this was to construct an algorithm that condenses 
all the information into a representative value as was done using the SOM and 
feed-forward neural network. However, it was decided to also investigate ways in 
which all the recorded data could be represented in a graphic form to allow the 
doctor to refer to the information and make his own judgement on relevant aspects 
of the response. To this end, virtual reality modelling was considered since it is a 
compact method that has low bandwidth requirements, making it ideal for use in 
the context of internet communications. 
 
A Virtual Reality Toolbox is available for MATLAB that is able to show all 
manner of simulations and animations in comprehensive graphical forms. The 
main component of this system is VRML (Virtual Reality Modelling Language), 
which is a standard language for creating virtual worlds or 3-dimensional scenes. 
The Toolbox is used to create a connection between VRML and Simulink or 
MATLAB and thereby allowing the presentation of simulation and calculation 
results in comprehensive graphic models. 
 
In VRML, motion of 3D components is represented in axis-angle format, which is 
a method of describing a rotation of solid objects by rotations through an angle θ  
about their three component x, y and z axes and can be formulated as 
 

 axis,angle ,
x

y

z

a
a
a

θ
⎛ ⎞⎡ ⎤
⎜ ⎟⎢ ⎥= ⎜ ⎟⎢ ⎥
⎜ ⎟⎢ ⎥⎣ ⎦⎝ ⎠

     (5.3) 

 
The orientation information provided by the two MTx sensors in the form of a 
quaternion 0 1 2 3, , ,0( , ) ( )q q q q q q= =q  is converted to the axis-angle format by 
the following transformations: 
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To obtain an accurate representation of the reflex it is necessary to determine the 
position of the orientation sensors relative to the body segment it is attached to. In 
the case of the sensor attached to the shin this is achieved by the extended lip of 
the mounting platform, which fixes the distance to the tendon and by extension to 
the joint of the knee. However, for the sensor mounted on the upper leg 
determining this distance is more difficult. However, since the upper leg generally 
does not move significantly during a normal reflex response, this error is 
relatively small. 
 
A simple 3D model of the leg was created in VRML format by means of two 
rectangular beams (see Figure 5.27), and the knee joint was simulated by setting 
the centres of rotation of the two beams to the same location in 3D space. The 
recorded data from the two MTx sensors was transformed from the quaternion to 
the axis-angle format and fed to the model, by setting the update rate equal to the 
sample rate of the MTx sensors, a realistic animation of the reflex response was 
produced. 
 

 
Figure 5.27: VRML representation of leg model 

 
While this particular method was not pursued further than this relatively simple 
application, there are a number of interesting refinements that can be conducted to 
allow a fuller representation of information, such as animations of the hammer 
impact and muscle contraction. This approach will be particularly suitable in 
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combination with other sensing equipment, such as a gait measurement system, 
where a complete 3D representation of a patient in a remote location can be 
constructed and viewed by a doctor in a near-real-time manner. 
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6. Discussion and recommendations 
The aim of this study was to develop a prototype system that can accurately and 
reliably measure the patellar tendon reflex response and identify characteristics of 
the response that allow a quantitative evaluation of the reflex for use in a 
telemedicine context. Suitable data had to be recorded and analyzed to determine 
correlations with the qualitative evaluation of a medical practitioner, with the aim 
of identifying a manner in which the data could be presented in a simple, effective 
and informative manner. 
 
Upon consideration of the results described in Chapter 5, it was found that the 
data collected through measurements performed by the prototype reflex 
measurement system showed correlations with evaluations performed by three 
doctors on video recordings of the reflex. The format and amount of data was 
found to be sufficient to demonstrate that a feed-forward neural network is able to 
deliver the standard reflex grading to a significant degree of accuracy and 
repeatability (85% over 50 separate network training iterations – see Section 
5.7.2). 
 
The remainder of this section discusses some aspects of the proposed solution and 
outlines areas for future work that were identified. 
 

6.1. Effectiveness of measurement system 
The requirements for the prototype reflex measurement system were that it had to 
be able to measure the required data accurately and reliably, and that it had to be 
easy to attach and operate. By considering that this study was focused on a proof-
of-concept prototype system, these requirements have been partially fulfilled. 
 
Even though an estimation of the important factors affecting a reflex response was 
possible prior to the data recording process, it was only after significant data 
recording and analysis had been carried out that a substantial indication of the 
importance of the respective factors was available. For this reason it was 
important to measure as many of the factors that could have importance for the 
study as possible, resulting in a number of sensors being used, of which some 
could be identified as unnecessary after the analysis was carried out. Upon 
consideration of the results of the data analysis, it was found that the muscle 
activation measurement as performed by an EMG was not needed. Other 
modifications of the sensing equipment could be carried out, some of which are 
further described in Section 6.4. 
 
Although the prototype system was not specifically evaluated in terms of its ease 
of use, it is considered sufficient in terms of this requirement since only a 
rudimentary knowledge of the anatomy of the knee along with a basic description 
of the method of using the system is needed to allow a facilitator to operate the 
system. However, the facilitator will be required to have at least a basic 
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knowledge of human reflexes. With the use of the MTx orientation sensors, the 
alignment of the mounting platform is of secondary importance since a complete 
3D orientation is obtained, allowing for the determination of the change in pitch 
regardless of the orientation of the sensor coordinate system. It is however 
important to position the protruding end of the extended lip correctly over the 
tendon, since this is essential to obtain a valid reflex response and for the purpose 
of an accurate virtual reality representation. 
 
By the use of a spring-activated tendon hammer the variation of the tendon impact 
magnitude is minimized, and it is only important to position the hammer directly 
over the tendon and perpendicular to the surface of the extended lip to deliver the 
appropriate activation. This method was found to be sufficient for this study, but 
further refinements are possible (see Section 6.4). 
 
The ability of the proposed system to accurately record a reflex compares 
favourably to other methods commonly employed to measure reflexes (see 
Section 2.3). The prototype offers the same utility as the BIOPAC system [22] in 
terms of ease of use and portability, while proper attachment is less reliant on the 
sensor positioning. While the other systems described in Section 2.3 were mainly 
for research purposes and require a more complex setup procedure, the prototype 
system produced results that are comparable to some of these systems, especially 
in terms of the latency recordings. However, one of the main differences between 
the proposed system and other available systems is that it produces a 
quantification of a reflex that is concise, easy to interpret and familiar to most 
doctors. It is thus possible to integrate the device into a practical setting without 
requiring additional training or defining of standards. 
 

6.2. Data and result validity 
It was seen that a relationship exists between the reflex evaluations of the video 
recordings of the response as conducted by the medical personnel, and the 
parameters that were obtained from the motion data as measured by the MTx 
sensors. There was also some similarity between the evaluations and the muscle 
activation as measured by the EMG. 
 
On the other hand, no substantial relationship was found between the magnitude 
of the tendon impact and the reflex evaluations, but it is not certain that this is not 
due to inaccurate measurements obtained from the FSRs. Notwithstanding this, it 
was seen that the variation in the measured impact values was relatively low. The 
spring-loaded hammer can also be expected to deliver a repeatable impulse since 
it is a mechanical system and not subject to substantial amounts of interference of 
any kind. But owing to the non-linear nature and inherently low repeatability of 
the FSRs, their output can only function as an indicator of the time of impact to a 
significant degree of accuracy. In this regard their use is effectively as a switch to 
indicate the time of impact in the current system.  
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No significant correlation was seen between the various latency measurements 
and the reflex evaluations. This indicates that the reflex latency varies 
significantly between persons as well as between levels of response, but the 
latencies that are determined from the MTx measurements are affected by the low 
sampling rate of these sensors. This means that the variation in the latency values 
can be ±10 ms in the worst case.  
 
When looking at the overall system, it can be said that the accuracy of the 
measurement system can be improved through the use of more accurate impact 
sensors and a higher sampling rate for the motion sensors. However, it can be 
argued that when considering the purpose of the measurement system, this may be 
a process of diminishing returns. Attempting to increase the accuracy of the 
recording equipment will eventually lead to a more restrictive and specific test 
procedure, which reduces the ability of the measurement system to be used in a 
generalized setting. Furthermore, the aim was not to investigate the inherent 
mechanism of the human reflex, but rather the relationship between the measured 
parameters and the way in which reflexes are commonly evaluated in a clinical 
setting, and for this purpose the proposed system has been shown to offer good 
results. 
 
A significant aspect is the relatively low number of subjects tested. The sample 
characteristics were somewhat restrictive since only 20 healthy subjects were 
tested. Some studies of similar scope had between 12 [23] and 30 [24] participants 
of both sexes, and one more extensive study investigated the reflex responses of 
268 participants over a period of four years [1]. However, the focus of this study 
was somewhat different in that it was not the nature of reflexes but rather the 
method for measuring them that was investigated. For each subject 8 reflex tests 
were conducted, so a total number of 160 samples were available. This represents 
a sizeable number of samples by which to evaluate the system performance, and is 
considered sufficient for proof-of-concept purposes. It must be kept in mind that 
the aim was to develop a system that is able to give a valid representation of the 
reflex response of the subject similar to a doctor’s evaluation, and in these terms 
the system functioned well even though the sample population was low. 
 
It can reasonably be expected that the performance of the neural network will only 
increase with more samples, even when the exclusion criteria of the sample 
population are relaxed. The neural network will be able to perform in the same 
manner as for the more restrictive dataset if supplied with parameters that 
distinguish between important subject characteristics such as age, height, gender 
et cetera. However, in such an application it is important to ensure that the 
training data has an even distribution across the range of values to avoid low 
neuron density in some regions of the network. 
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6.3. Usefulness of results in context of telemedicine 
As described in Section 1.1, telemedicine involves the use of electronic 
communications systems to transfer medical expertise. In this context the flow of 
information must be in both ways, since the doctor must have certain information 
to conduct an examination and arrive at a diagnosis. 
 
This project was conducted in the context of a broader aim to develop a complete 
measurement system that is able to obtain and transfer via electronic means all the 
necessary information for the doctor to conduct a diagnosis of a patient. Since a 
neurophysiological exam involves many other considerations besides the 
evaluation of a reflex response, the proposed system cannot be used as a 
conclusive diagnosis tool. However, it can be used to transfer a single 
representative value, the reflex grading, for the doctor to refer to while performing 
his diagnosis. The use of the standard reflex grading as the output of the neural 
network has the advantage of being an easily understandable and concise 
representation of the reflex that is already familiar to the doctor. 
 
Furthermore, this system allows the recording of data for use in a patient database, 
which is useful for identifying changes in the reflexes over time. This would be of 
particular value for evaluating a rehabilitation process over time. 
 
The application of artificial neural networks to this particular problem as done in 
this study is a novel approach that has been shown to yield good results. In this 
sense the proposed system is different to available systems, as it makes use of 
features of artificial intelligence to offer a quantification of a reflex that is not a 
result of a specific measurement but rather a combination of a number of 
parameters. 
 
While the reflex grading offers a single representative value, it is also possible to 
refer all recorded data to a doctor if necessary. Through a virtual reality 
representation of the reflex, the doctor can carry out his own evaluation of the 
response. While this can also be carried out using video analysis, a virtual reality 
representation is less bandwidth-intensive and allows manipulation of the graphic 
model in a 3D environment. This can be of particular value in comparing reflexes 
between limbs of a patient, especially when a number of different reflexes are 
measured and represented in a virtual reality model, for example. 
 

6.4. Recommended future work 
As mentioned in Section 1.2, the ultimate objective for this research is the 
measurement of a variety of reflexes. Therefore the immediate future work is the 
adaptation of the technique to other areas of interest such as the ankle, biceps or 
triceps reflex. This will require slight modification of the configuration, especially 
in terms of the motion recording equipment and the impact delivery mechanism, 
since magnitude of motion for other reflexes is typically smaller and the tendon 
location is more difficult to establish for some cases. 



Chapter 6   Discussion and recommendations 

 74

Future work can be conducted to improve the accuracy and repeatability of the 
sensing equipment, particularly the motion sensors. A significant target should be 
to increase the sampling rate, as this will enable better determination of latency 
times. For simple measurement of reflexes and ANN modelling, measuring the 
magnitude of the tendon impact is not necessary as long as the method of impact 
delivery is repeatable. Furthermore, EMG measurements are not necessary once it 
has been established that greater responses correspond to higher EMG values, as 
was seen in the SOM analysis of the data. 
 
An interesting direction of further work would be the reduction of the number of 
sensors to the minimum necessary to characterize the reflex. As indicated by the 
results of this study, the motion measurements correspond well to the qualitative 
evaluations of doctors and the EMG signals. It was also seen that the approximate 
time of tendon impact was detected by the motion sensors. This indicates that a 
single sensor can be used to measure most of the relevant parameters. Since the 
MTx motion sensors use accelerometers to determine gravity action and rate 
gyroscopes are used to determine sensor rotation, it should be possible to 
construct a 3-axis combination of these sensors that could offer the same 
information at a much lower cost than the MTx system. 
 
For such a system it would not be necessary to determine magnetic north to 
compensate for integration drift if the tendon impact is used as a trigger, since the 
duration for which accurate data is needed is relatively short. Such a sensor could 
also sample at a much higher rate than is possible for the MTx, which would 
allow for more accurate determination of the time of tendon impact. By using the 
rate gyroscope directly to measure angular velocity, this signal could be integrated 
or differentiated for the change in angle and angular acceleration, which is more 
desirable than double integration or differentiation. 
 

6.5. Conclusion 
This study focused on the development and proof-of-concept of a prototype reflex 
measurement system that could be used in a telemedicine context. A working 
prototype was constructed that is able to measure relevant parameters for use in a 
quantitative reflex measurement system, and clinical tests of the prototype system 
were performed on 20 subjects to record representative data sets and evaluate the 
performance of the system. Through use of neural networks a novel method for 
reflex quantification was developed that is able to give common reflex evaluations 
similar to subjective evaluations performed by doctors to a reasonable degree of 
accuracy. The proposed system is easy to use, offers functionality that can be of 
use in a telemedicine context, and is suitable for further development and use in a 
general clinical setting. To the author's knowledge, this project is the first 
implementation of neural networks to autonomously evaluate reflex responses. 
The work thus delivers a novel contribution to this field of study and paves the 
way for future studies in this regard. 
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Appendix A: Feed-forward neural network 
fundamentals 

This section describes the basic equations and fundamental principles governing 
the feed-forward process and back-propagation operation as employed in the 
multi-layer feed-forward (MLFF) neural network used in this study. The notation 
and description of processes are extracted from [26] and [37] and present a 
summary of the principles described therein. 
 
Figure A.1 below shows an elementary neuron with its inputs. An appropriate 
weight w is assigned to each input and the sum of these weighted inputs and the 
bias forms the input to the transfer function f. Any transfer function can be used in 
a MLFF neural network using back-propagation as long as it is differentiable. 
 

 
Figure A.1:Elementary neuron [26] 

 
The most common transfer functions used in an MLFF network are shown in 
Figure A.2 below. These can be combined in a number of ways using multiple 
layers of neurons to allow the network to learn nonlinear and linear relationships 
between the input and output vectors. 
 

 
Hard-limit transfer function Linear transfer function Log-sigmoid transfer function 

Figure A.2: Transfer functions (reproduced from Figure 2.5) 
 
To describe the training process it is useful to first consider a single layer network 
with a linear transfer function, for which the output is given by 
 
 j j

j
a w p b= +∑       (A.1) 
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Such a simple network is able to represent a linear relationship between the value 
of the output unit and the value of the input units. In high dimensional input 
spaces the network represents a (hyper)plane and it will be clear that also multiple 
output units may be defined. Consider the case where the objective is to train the 
network such that a hyperplane is fitted as well as possible to a set of training 
samples consisting of input values Rp  (the Rth input pattern) and desired (or 
target) output values Rt . For every given input sample, the output of the network 
differs from the target value Rt  by ( )R Rt a− , where Ra  is the actual output for 
this pattern. A cost or error function based on these differences is now used to 
adjust the weights. 
 
The error function is the summed squared error. That is, the total error E is 
defined to be 
 
 21

2 ( )R R R

R R
E E t a= = −∑ ∑      (A.2) 

 
where the index R ranges over the set of input patterns and RE  represents the 
error on pattern R. 
 
The least mean square procedure finds the values of all the weights that minimize 
the error function by a method called gradient descent. The idea is to make a 
change in the weight proportional to the negative of the derivative of the error as 
measured on the current pattern with respect to each weight: 
 

 
R

R j
j

Ew
w

γ ∂Δ = −
∂

      (A.3) 

 
where γ  is a constant of proportionality. The derivative can be expanded as 
 

 
R R R

j R j

E E a
w a w

∂ ∂ ∂=
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      (A.4) 

 
and because of the linear transfer function (equation (A.1)), 
 

 
R

j
j
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w
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and 
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R
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∂ = − −
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      (A.6) 
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such that 
 
 R

R j jw pγδΔ = −       (A.7) 
 
where R R Rt aδ = −  is the difference between the target output and the actual 
output for the pattern R. This method is commonly termed the delta rule and 
allows appropriate modification of the weights in a single layer network.  
 
To apply this learning rule to multi-layered networks requires a generalization for 
nonlinear activation functions, since a multi-layer network must make use of 
nonlinear transfer functions in some of its hidden layers to achieve a gain in 
performance over a single-layer network [37]. 
 
A feed-forward network has a layered structure as shown in Figure A.3. Each 
layer consists of units which receive their input from units from the preceding 
layer and send their output to units in the next layer. There are no connections 
within a layer. The Ni inputs are fed into the first layer of Nh,l-1 hidden units. The 
output of the hidden units is distributed over the next layer of Nh,l-2 hidden units, 
until the last layer of hidden units, of which the outputs are fed into a layer of No 
output units. 
 

 
Figure A.3: Feed-forward network structure [37] 

 
The transfer function in each neuron k is a differentiable function of the total 
input, given by 
 
 ( )R R

k ka F s=        (A.8) 
 
in which 
 
 R R

k jk j k
j

s w y b= +∑       (A.9) 
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To get the correct generalization of the delta rule as presented in equation (A.7), 
equation (A.3) is formulated as 
 

 
R

R jk
jk

Ew
w

γ ∂Δ = −
∂

      (A.10) 

 
The error measure ER is defined as the total quadratic error for pattern R at the 
output units: 
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where R

ot  is the desired output for unit o when pattern R is clamped. The summed 
squared error is further set as R

R
E E=∑ , giving 
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By equation (A.9), the second factor is 
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and it is then possible to define 
 

R
R
k R

k

E
s

δ ∂= −
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       (A.14) 

 
to get an update rule that is equivalent to the delta rule, resulting in a gradient 
descent on the error surface if the weight changes are done according to 
 
 R R

R jk k jw aγδΔ =       (A.15) 
 
To compute R

kδ  the chain rule is applied to write the partial derivative as the 
product of two factors, one reflecting the change in error as a function of the 
output of the particular neuron and the other reflecting the change in the output as 
a function of changes in the input: 
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By equation (A.8) it can be seen that 
 

 '( )
R

Rk
kR

k

a F s
s

∂ =
∂

       (A.17) 

 
which is the derivative of the transfer function F for the kth unit evaluated at the 
net input R

ks  to that unit. To compute the other factor of equation (A.16), two 
cases must be considered: First, assume that unit k is an output unit k=o of the 
network. In this case it follows from the definition of ER that  
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      (A.18) 

 
which is the same result as in equation (A.6). Substituting this and equation 
(A.17) into equation (A.16) gives 
 
 ( ) ( )R R R R

o o o o ot a F sδ ′= −       (A.19) 
 
for any output unit o. For the second case, if k is not an output unit but a hidden 
unit k=h, the contribution of the unit to the output error is not readily known. 
However, the error measure can be written as a function of the net inputs from 
hidden to output layer; 1 2( , ,..., ,...)R R R R R

jE E s s s= , and the chain rule used to write 
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Substituting this in equation (A.16) gives 
 

 
1

( )
oN

R R R
h h o ho

o
F s wδ δ

=

′= ∑       (A.21) 

 
Equations (A.19) and (A.21) give a recursive procedure for computing the δ ’s for 
all units in the network, which are then used to compute the weight changes 
according to equation (A.15). This procedure constitutes the generalized delta rule 
for a feed-forward network of nonlinear units and is the fundamental basis of 
back-propagation. Since the method is an optimization problem, methods more 
advanced than gradient descent can readily be applied to the process, which means 
that a significant increase in convergence rate can be achieved.  
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Appendix B: Spring-loaded hammer design 
 
As described in Section 4.2.3, a crude prototype consisting of a standard bolt and 
nut (Figure B.1) was used to determine whether a spring-actuated hammer could 
deliver the needed impact to the tendon, as well as to obtain some starting values 
for the mass of the hammer and the spring stiffness needed. 
 

 
Figure B.1: Crude spring-loaded hammer prototype 

 
The stiffness of the spring used in the crude prototype was determined by a load-
displacement test, and the resulting k value is shown in Table B.1.  
 

Table B.1: Load-displacement characteristics of prototype spring 
Weight 

(N) 
Length 
 (mm) 

0
5

10
15
20
25
30
35

0 20 40 60

length (mm)

w
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gh
t (

N
)

 

2.6 50 
7.1 45 
11.5 41 
16.0 37 
25.0 31 
29.5 28 

Average 
k 

(N/m) 
1375 

 
Furthermore, the mass of the bolt (m) used as a hammer was determined to be 
0.268 kg, and these values were used as follows: 
 
By using approximate initial values for the hammer impulse as given in Section 
4.2 (an impact magnitude (P) of 40 N for a duration of 10 ms), equation (4.1) 
(reproduced from Section 4.2.3) can be used to determine the velocity ( iv ) 
required for the hammer prior to tendon impact. 
 

0ivdvP m m
dt t

−= =
Δ

      (4.1) 
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The velocity ( iv ) thus obtained can then be used to determine the required initial 
compression of the spring (δ ) using equation (4.2) (see Section 4.2.3). 
 

2 21 1
2 2 ik mvδ =       (4.2) 

 
This process was conducted iteratively to determine the optimum values of the 
various parameters. The design of the hammer shape was conducted concurrently 
since the dimensions would determine the size of the moving rod that would 
deliver the impact to the tendon, as well as the distance available for the initial 
spring compression and the dimensions of the spring.  
 
The concept for the final hammer design consisted of a tubular enclosure with an 
end-piece to enable the facilitator to hold the hammer in position, and a trigger 
mechanism to allow pre-loading the spring and releasing the rod, as shown in 
Figure B.2. The spring is compressed between the enlarged hammer head and the 
end-piece that closes the rear end of the hammer. 

 
Figure B.2: Exploded view of final hammer design 

 
A custom spring design was conducted using the Design Assistant of Autodesk 
Inventor to fit the spring into the design. Furthermore, by changing the materials 
and dimensions of the rod, the mass of the hammer was adjusted simultaneously.  
 
Two materials were considered for use in the hammer, namely stainless steel with 
a density of 8000 3kg/m , and aluminium with a density of 2770 3kg/m . By 
multiplication of the density by the volume of the moving rod that delivers the 
impact, its mass could be determined. In addition the initial spring compression as 
obtained from the final configuration was 30 mm, and with these values it was 
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possible to check the performance of the final design. Table B.2 shows the impact 
magnitude obtained using the two different materials for a impact time of about 
10 ms. Here it can be seen that the stainless steel rod has a calculated impact 
magnitude that is in the same range as the values obtained from previous 
measurements and the literature, while the aluminium rod shows a somewhat 
lower impact magnitude. 
 

Table B.2: Force vs. impact characteristics 
Stopping time 

(ms) 
Force (N) 

Stainless steel 
Force (N) 
Aluminium 

8 49 27 
9 43 24 

10 39 22 
11 36 20 
12 33 18 

 
As a result of these values, it was decided to use stainless steel for the moving rod, 
while aluminium was used for the tubular enclosure. Once the hammer had been 
manufactured, some tests were carried out to determine its effectiveness, and it 
was found that it was possible to deliver the tendon impact in a controlled and 
repeatable manner and successfully elicit a reflex response. 
 
For reference, the final spring design parameters as submitted to the manufacturer 
are reproduced in Table B.3. 
 

Table B.3: Spring design parameters 
Min. Working Force F1 2 N 

Max. Working Force F8 60 N 

Working Force F 40 N 

Loose Spring Length L0 61.0 mm 

Wire Diameter d 1.6 mm 

Outside Diameter D1 14.9 mm 

Spring Index c  8.34 

End Coils nz 2 

Ground Coils zo 1.5 

Number of Active Coils 14 

Coiling Direction  right 

Spring Material:  Piano wire 

Pitch of Free Spring t 4.2 mm 

Spring Constant k  1.93 N/mm 

Preloaded Spring Deflection s1 1.03 mm 

Total Spring Deflection s8  31.0 mm 

Limit Spring Deflection s9 36.2 mm 
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Appendix C: FSR specifications and data 
acquisition 

(The information on the FSRs provided in this section was obtained from Interlink 
Electronics, the manufacturer of the FSRs used in this study [30].) 
 
The Force Sensing Resistor (FSR) is a polymer thick film (PTF) device which 
exhibits a decrease in resistance with any increase in force applied to the active 
surface. Figure 4.6 is reproduced below and shows the different components that 
make up an FSR. 

 
Figure C.1: Components of FSR (reproduced from Figure 4.6) 

 
The FSR force vs. resistance characteristic shown in Figure C.2 provides an 
overview of the typical response behavior plotted on a log/log format. In general, 
the FSR response approximately follows a power-law characteristic. 
 

 
Figure C.2: FSR force-resistance characteristics [30] 
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At the low force end of the force-resistance characteristic a switch-like response is 
evident. This threshold that swings the resistance from greater than 1MΩ to about 
50-100 kΩ is controlled by the top substrate material and overlay thickness and 
flexibility. At the high force end of the measurement range, the response deviates 
from the power-law behavior, and eventually saturates to a point where increases 
in force yield little or no decrease in resistance. 
 
In Figure C.3, force vs. conductance (1/resistance) is shown. This format allows 
simpler interpretation on a linear scale.  
 

 
Figure C.3: Force-conductance characteristics [30] 

 
Table C.1 shows specifications for typical FSRs: 
 

Table C.1: Typical FSR specifications [30] 
Parameter Value 
Force Sensitivity Range 30 g to 10 kg 
Pressure Sensitivity 
Range 

0.45 psi to 150 psi 
(0.03 kg/cm2 to  
10 kg/cm2) 

Part to Part Force 
Repeatability 

± 15% full scale 

Single Part Force 
Repeatability 

± 2% full scale 

Force Resolution Better than 0.5% full scale
Stand-Off Resistance > 1MΩ 
Switch Characteristic Essentially zero travel 
Device Rise Time 1-2 ms (mechanical) 
Lifetime >10 million actuations 
Sensitivity to 
Noise/Vibration 

Not significantly affected 
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To convert the change in resistance of the FSR to a measurable quantity a voltage 
divider circuit as shown in Figure C.4 was constructed. Capacitors were added to 
remove noise from the source, a voltage regulator with a 5 V output. The voltage 
drop over the FSR was then fed into the data acquisition module. 
 

5V

27k
FSR

47nF

27k

27k

27k

4µF
Vs

R1 R2

 
Figure C.4: Circuit diagram for voltage divider circuit 

 
The voltage drop measured over the FSR was converted to a force measurement 
by applying the voltage divider rule: 
 

 2

1 2
FSR s

RV V
R R

=
+

      (B.1) 

 
Rearranging the terms gives 
 

 1 2
2

2s

RVR
V V

=
−

       (B.2) 

 
and this resistance was then used to obtain the force value from the available 
graphs. A polynomial was fitted on values from these graphs to allow for 
immediate conversion to force values. Tests were then conducted with small 
weights placed on the FSRs to check the method, and the interpolated results were 
found to give force values in the same range as the weights placed upon the 
sensors with less than 20% deviation for 10 tests. 
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Appendix D: Subject questionnaire 
 
 
 
Project: Reflex Sensors for Telemedicine Applications 
Participant Questionnaire 

Participant No:_______ 
Personal Information (Note: All personal information will be held in the strictest 
confidence) 
Name:_________________________________________________________ 
Date of Birth: ______________________________________ 
Contact telephone number: ___________________________________ 
Please select your dominant leg (the leg you use when kicking a 
ball etc):  
Have you ever been diagnosed with a neurological affliction (such as problems 
with your brain, spinal chord or general nervous system)? 
__________________________________________________________________
Do you have any conditions that affect the range of movement of your knee joint 
or which cause pain in the knee joint? 
__________________________________________________________________
Do you have any conditions that cause general weakness of the muscles, 
particularly your quadriceps muscles? 
__________________________________________________________________
Have you ever had an operation on your knees? If yes, state which knee 
(left/right) and the type of operation e.g. Ligaments/implantation etc... 
__________________________________________________________________
Do you experience problems with your back, such as pain or stiffness? 
__________________________________________________________________
Are you currently using any medications which could conceivably affect/impair 
your physical awareness or reflexes e.g. Painkillers, antidepressants etc? 
__________________________________________________________________
Do you have an artificial knee? If yes, which knee (left/right) ? 
__________________________________________________________________
Do you have a medical history which is suggestive of nerve root compression? 
__________________________________________________________________
Do you consider yourself in general a more laid-back or relaxed person, or rather 
a more charged, intense person? 
__________________________________________________________________
 

Left Right
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For Completion by Facilitator 

Test 
No 

Comments 

Reflex Tests: Determination of threshold tapping force 
(No Video-Successive taps at least 5 seconds apart, increasing force) 

  

Reflex Tests: 4x tapping at or above threshold level (without Jendrassik+Video) 

1  

2  

3  

4  

5  

6  

Reflex Tests: 4x tapping at or above threshold level (with Jendrassik+Video) 

1  

2  

3  

4  

5  

6  
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Appendix E: Latency offsets and parameter 
selection algorithm 

 
E.1. Latency offsets 
As described in Section 5.4, the data acquisition systems of the EMG, MTx 
sensors, and the FSRs consisted of separate units. This meant that there were 
inherent delays between the start of data acquisition of the different systems, 
especially since the method of data transfer from the acquisition system to internal 
storage on the computer was different for the respective systems. 
 
In the case of the MTx sensors, communication with the equipment was carried 
out through a custom COM (Component Object Model) API (application 
programming interface) as supplied by the vendor. Due to limitations both in the 
MATLAB version being used as well as the custom software it was not possible 
to carry out data acquisition on an event-driven basis. This meant a polling routine 
had to be carried out in which the MTx is queried for new data in predetermined 
intervals, essentially operating in a loop for the duration of data acquisition. 
 
The EMG and MCC Analogue and Digital Input/Output module (used for FSR 
measurements) data acquisition, on the other hand, was based on the Data 
Acquisition Toolbox for MATLAB. In this instance the data was stored in a 
hardware buffer prior to transfer to the computer, and it was necessary to set the 
duration of data acquisition prior to the start of the process. This meant that real-
time output of the data on screen was not possible. This was not a serious 
problem, however, since post-processing only occurred once all data had been 
collected. 
 
The inherent delays between the initialization of the different systems remain 
essentially constant as long as the hardware is not altered, which meant that they 
were of secondary importance for the subsequent data analysis. It was however 
still desirable to obtain an estimate of their magnitude so that some latencies of 
the reflex response could be compared to values given in the literature (see 
Section 5.5.1) as well as to obtain an indication of the true delay between the 
different systems. 
 
A test was carried out to obtain an estimate of these delays. The EMG electrodes, 
the MTx sensors, and the FSRs were mounted on a movable platform in such a 
way that any motion of the platform caused a disturbance in the signal of these 
sensors. An impulse was then delivered to the platform and the resulting signals 
were recorded. The data was investigated visually and the delays as estimated 
according to the first recorded disturbance of each signal are shown in Figure E.1.  
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Figure E.1: Estimated time delays between sensors 

 
As can be seen, the EMG started data acquisition before the other two systems, 
approximately 20 ms before even the MCC system. This is likely due to the fact 
that the EMG system makes use of a USB-based sound-card for data acquisition, 
which is a standard component for most computers and uses WINDOWS drivers, 
while the MCC requires driver installation to function. The MTx sensor is the last 
system to initiate data recording, which is due to a specialized calibration 
procedure that the sensor internal data processing unit must carry out for proper 
global alignment of the sensor. 
 
The limiting factor for accurate determination of these delays was the relatively 
low sampling rate of the MTx system. At 5 ms between samples, the accuracy of 
the measured delays as well as the various latencies that were to be determined for 
further analysis was of the order of 10 ms. However, the significantly higher 
sampling rates employed for the FSRs and EMG meant that the delay between 
these two signals could be determined much more accurately. The values given 
above are average values of five separate tests. 
 
These delay values were subsequently subtracted from the latency values as 
determined by the parameter selection algorithm.  
 
E.2. Maximum FSR reading 
After the voltage signals were converted to force (described in Appendix C), the 
maximum values of the four FSRs as well as the time of occurrence were 
determined. Of these four instances, the one showing the maximum force was 
selected to indicate the instant of hammer impact. The delay of 0.2245 ms was 
then subtracted from its time of occurrence, and the value was passed on for 
further analysis. 
 
E.3. Maximum EMG reading 
A similar process was followed with the EMG measurements. Figures E.2 and E.3 
show examples of raw EMG data that was recorded during the testing, with Figure 
E.2 exhibiting low noise and Figure E.3 showing somewhat more noise in the 
signal, which is most likely due to poor electrode contact. The instance of 
maximum EMG occurrence was selected along with its time of occurrence. 
However, in some cases there was no significant peak in the EMG signal as a 
result of weak muscle response, resulting in the selection of a random peak in the 
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signal noise which had no relation to the instant of reflex occurrence. To enable 
later recognition of such cases and prevent errors, the time of occurrence of the 
EMG peak was compared to that of the FSR, and if the difference between the 
two was more than one second, the signal was obviously false. In such a case, the 
respective latency was set to zero, and cases of zero latency were later removed 
from the dataset. 
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Figure E.2: Raw EMG signal with low noise 
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Figure E.3: Raw EMG signal with moderate noise 

 
The time of occurrence of the EMG signal was not modified with a delay constant 
since it was the fastest of the three and was used as the reference time. 
 
E.4. MTx parameters 
The quaternion signal as obtained from the MTx orientation output was first 
converted to Euler Angles using equations (4.8), to simplify interpretation. 
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The first and second time derivatives of the pitch GSθ  were then determined and 
the smoothing process was carried out as described in Section 5.4. From these 
signals the following parameters were selected: 

• The maximum change in pitch as calculated by subtracting the average 
value of the pitch of the lower leg in its rest position prior to the reflex 
action from the maximum measured value, giving the change in angle 
resulting from the reflex action. The average rest pitch was taken as the 
mean pitch between one and three seconds after the initialization of the 
MTx, as this was after the initial calibration process of the MTx but also 
safely before the reflex test was conducted. 

• The non-smoothed angular acceleration value is used in the analysis as a 
cross-check to the time of impact measured by the FSRs. As such, the 
maximum value is of secondary importance, and the latency between it 
and the peak FSR value is the relevant factor. This latency is calculated by 
subtracting the delay of 0.065 ms from the time of maximum acceleration 
and then subtracting from it again the time of maximum measured force of 
the FSR, from which the 0.02245 ms is subtracted already. 

• The maximum smoothed angular velocity (the smoothing is described in 
Section 5.4). 

• The maximum smoothed angular acceleration as well as its time of 
occurrence. This time was used to determine the relevant latency 
parameters, with the appropriate delay constants subtracted. 
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Appendix F: SOM and ANN analysis configuration 
 
This section describes the configuration of the self-organizing maps and artificial 
neural networks used in the study. The information is given in the context of the 
toolbox-specific settings available in the SOM Toolbox and Neural Network 
Toolbox for MATLAB. 
 
F.1. Self-organizing maps 
For the SOMs as given in Section 5.6, the input data was first normalized to the 
range [0,1] in a linear operation prior to the training process. Since the SOM 
algorithm is based on Euclidian distances, the scale of the variables is very 
important in determining the shape of the map. Normalization is therefore 
necessary to prevent a variable with a much higher range from completely 
dominating the map organization. 
 
After normalization, the number of needed map units was determined. This is 
carried out automatically by the Toolbox but can be influenced by the user. The 
Toolbox determines the number of map units by the heuristic formula of  
 

[no of units] = 5x[data length]0.5    (F.1) 
 
where [data length] is the dimensionality of the input data. This is the default 
number of units as determined by the Toolbox, which can be modified if needed 
to a large map (4x no of units) or small map (0.25x no of units). Once the number 
of units has been determined, the side lengths of the map are determined by 
calculating the two biggest eigenvalues of the training data and setting the ratio of 
side lengths to the square root of the ratio of the two eigenvalues, with slight 
modifications to match the product of the side lengths to the number of units. 
 
After this process the SOM was initialized and trained. All maps that were 
constructed had a hexagonal neuron arrangement and were trained using the 
sequential training algorithm. The training consists of two phases: the ‘rough’ 
training with a large neighbourhood radius, and then ‘fine-tuning’ with a small 
neighbourhood radius. The duration of each of these phases is automatically 
determined and is 4x [mpd] for the ‘rough’ and 16x [mpd] for the ‘fine-tune’ 
phase, where  
 
 [mpd] = [no of units]/[data length]    (F.2) 
 
After training the output data was denormalized to simplify data interpretation, 
and the various SOM visualizations were produced. Figure 5.8 and Figure 5.9 
were trained using a large map configuration, while Figure 5.10 was trained using 
the default map size. These configurations were chosen from the various possible 
settings because they offered the best representation of their respective data sets 
without resulting in over-fitting. 
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F.2. Supervised SOM 
For the supervised SOM as given in Section 5.7.1 an algorithm supplied by the 
SOM Toolbox was used. This algorithm takes the input data vector and adds a 
certain number of fields to this vector based on the number of different classes 
specified. Since each data vector has a specified class, this corresponding field in 
the vector is assigned a 1, while the other fields are set to zero. The resulting data 
vector is then trained in the same manner as in the case of an unsupervised SOM. 
 
After training, the maximum is taken over the added fields and the data vector is 
assigned its class according to which of the class fields is the maximum. The 
added fields are then removed, the remaining data is denormalized, and the 
visualization is performed. Figure 5.11 and its associated results were obtained by 
batch training of a default-sized map, Figure 5.12 and its results were of a large 
map size. The classification error is calculated by determining the amount of 
classification errors between the trained output and the original classification 
output. 
 
F.3. Feed-forward neural network 
In the case of the feed-forward neural network described in Section 5.7.2, the 
input data was first linearly normalized to the range [-1,1]. The networks used 
consisted of one hidden layer of 20 log-sigmoid neurons and one output layer of 1 
log-sigmoid neuron. Batch training was employed, and the measure of 
performance that was used was the mean square error, which is the average 
squared error between the network outputs after training and the target outputs as 
specified by the original data. 
 
Where early stopping was performed, the data set partition of 60-20-20% for the 
training, validation and testing data sets respectively were found to give the best 
results in terms of accuracy and generalization ability. This was also the case for 
the 80-20% partition between the training and testing data set for the network 
training that was performed by setting the mean-square-error (MSE) threshold. 
 
In the case of early stopping, the training process is carried out on the training set 
itself, and after each complete training iteration (epoch), the validation and test 
data set are fed through the network and their MSE is calculated. This has no 
effect on the weights in the network and merely serves as a method of evaluating 
the ability of the network to track the correct outputs. This process is repeated 
until the MSE of the validation data set starts to increase, indicating a loss in 
generalization ability of the network. 
 
While the MSE is one measure of the performance of the network, a better 
indication can be obtained by performing a linear regression analysis on the 
network outputs after training versus the original target outputs. This process 
results in the correlation coefficient, or R-value, which is a composite indicator of 
the difference in slope and the offset between the linear fit of the original target 
and trained network outputs. 
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