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We describe the development of a vision system to detect natural events in a low-
resolution image stream. The work involved the assessment of algorithmic design
decisions to maximise detection reliability. This assessment was carried out by
comparing measures and estimates made by the system under development with
measures obtained independently. We show that even when these independent
measures are themselves noisy, their independence can serve to guide rational de-
sign decisions and allow performance estimates to be made. Although presented
here for one particular system design, we believe that such an approach will be
applicable to other situations when an image-based system is to be used in the
analysis of natural scenes, in the absence of a precise ground truth.

1 Introduction

Performance evalution is esssential for providing a solid scientific basis for
machine vision, and yet its importance is often understated. Current work in
this area 12 has tended to emphasise the importance of an objective ground
truth (see for example work in medical image registration 4, face recognition 5,
photogrammetry ¢ and graphics recognition 7). We present a case study of
the evaluation of a machine vision system, which exhibits two examples of
performance characterisation in the absence of a suitable ground truth. We
believe that our approach will be applicable to other situations when an image-
based system is to be used in the analysis of natural scenes, operating in the
absence of a precise ground truth.

The system described here is a human fall detector based on a novel
infrared sensor with limited spatial resoultion. It was developed by an in-
dustrial /academic collaboration involving the University of Manchester, the
University of Liverpool, IRISYS Ltd. and British Telecom Plc in the UK. It
observed a natural scene of a person in their home, typically an elderly person
living alone. When left undetected, falls amongst the elderly often lead to ag-
gravated injuries, admission to hospital, and sometimes death. However, this
kind of event is rather poorly defined and occurs randomly under normal cir-
cumstances, making the design of a system to detect it problematic. In order
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to be practically useful the system had to detect falls reliably whilst generat-
ing the minimum number of false alarms, making performance evaluation a
vital part of this work.

The detector operated by recognising the patterns of vertical velocities
present during a fall by a human subject, and issuing a fall detection warning
when such a pattern was detected in the output from the thermal sensor.
The initial identification and the detection of these patterns was performed
automatically using an MLP neural network, thus removing any requirement
for in-depth study of the dynamics of human movement. Image data showing
simulated fall and non-fall (e.g. sitting) scenarios were captured from both
the infrared sensor and a colour CCD camera. Vertical velocity measurements
were extracted from both sets of images, and the colour data were used as
a gold standard to demonstrate a correlation between the infrared velocity
estimates and the physical velocities present in the scene. Despite the fact that
the velocity measurements extracted from the colour data did not represent a
genuine ground truth, we show that this form of performance evaluation can
be used to guide algorithmic development in an objective manner. Finally, a
range of neural networks were trained on a sub-set of the infrared data and
tested on the remainder, and the best-performing network was identified using
ROC curves. We demonstrate that, using appropriate definitions of true and
false detections, it is possible to evaluate the performance of a system for
identifying events in a temporal data stream in this manner.

2 Approach

The purpose of the fall detector was to monitor the image stream from the
thermal detector for characteristic signals associated with falls in human sub-
jects, and to issue a fall detection warning when such a motion was observed.
At the most basic level, the primary characteristic associated with falls is
vertical downwards motion. Therefore the analysis focussed on measuring
vertical velocities, and identifying features in the pattern of velocities over
time that were characteristic of falls. Basic physics guarantees that, if the
velocity of a subject moving around a room is resolved into its horizontal
and vertical components, the vertical acceleration of a subject falling under
gravity acts independently of any horizontal motion. Therefore, the analysis
was restricted to studying vertical motion, and any horizontal component was
discarded.

The first requirement was to obtain realistic image data from which the
characteristic motions associated with falls could be identified. Sequences of
images showing an actress simulating a wide variety of fall and non-fall (e.g.
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sitting) scenarios were captured simultaneously from both the infrared sensor
and a colour CCD video camera.

Next, software was written to calculate the velocity of the actress both
from the infrared image sequences and from the colour video. The approach
taken to extracting velocity information from the colour video relied on the
use of colour segmentation. During the simulations, the actress wore a shirt
of a different colour to any other object in the scene. A colour segmentation
algorithm was used to extract the shirt region from the colour video images,
allowing the centroid of the actresses upper body to be calculated. The vector
of these centroid positions over time could then be differentiated to obtain
velocity measurements from the colour images.

The approach taken to extracting velocity information from the infrared
images was quite different, and exploited the basic physics of the detector it-
self. The infrared sensor used was a differential sensor i.e. it registered changes
in temperature. Stationary objects in the scene were therefore ignored. Any
moving object warmer than the background created two significant regions in
the image. The first was a region of positive values covering the pixels that
that the object was moving into, which were becoming warmer. This was
trailed by a region of negative values covering the pixels that the object was
moving out of, which were becoming colder. If the object was colder than
the background, the signs of the two regions were reversed. In either case, a
zero-crossing existed between the two regions that followed the trailing edge
of the moving object. The approach taken was to track this zero-crossing to
give measurements of the position of the actress in the infrared images, which
could in turn be used to calculate the velocity.

The velocity estimates derived from the colour video data were used as
a gold standard against which to compare the velocities calculated from the
infrared images. It was therefore possible to calculate the extent to which
the infrared velocity estimates were correlated with the physical velocities
present in the scene. This correlation analysis was performed for a subset of
around 2% of the data. Several methods were used to perform this analysis,
including linear correlation coefficients, Gaussian fitting to the noise on the
infrared measurements after outlier rejection, and the use of ROC curves.
The latter provided a generic method for ranking the performance of various
smoothing filters applied to the data.

The use of two independent estimators of motion was a key part of this
work. Although both used radiation from the scene, they were independent
in that they sensed different kinds of information, and processed it in fun-
damentally different ways. The colour segmentation algorithm was based
on the interaction of visible light and reflectance on clothing in spatial re-
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gions, whereas the algorithm for the infrared sensor was based on signal zero-
crossings on thermal radiation using a completely different lens system. We
would therefore expect the information in the two estimators to suffer from
noise, bias and distortion independently.

To produce the fall detector itself, an MLP neural network was trained
to take temporal windows of velocity measurements from the infrared sensor
and produce a fall/non-fall decision. The advantage of this approach was that
the training process allowed the neural network to automatically identify the
regions in the input pattern space that contained the fall data points i.e. the
patterns of velocities characteristic of a fall. Therefore no in-depth, manual
study of those patterns of velocities was required. A subset of the infrared
velocities were extracted at random and used to train a neural network to
perform the fall/non-fall classification. A number of neural networks were
trained, varying all available parameters in order to find the best architecture
for this problem. ROC curves were used to select the best network.

A nearest neighbour classifier was applied to the same data. It can be
shown that the nearest neighbour classifier approaches Bayes optimal clas-
sification performance for large data sets such as this, and so this gave an
indication of how close the best-performing neural network approached to the
optimum performance. Finally, the classification decision was made based on
individual velocity measurements, without using the neural network, in order
to estimate how much of a performance gain had been realised through the
application of a neural network to this temporal recognition problem.

3 Data collection

Data was collected to provide realistic video data on both fall and non-fall
scenarios that could then be used in the construction of a fall detector. A
list of types of fall (e.g. slips, trips etc.), together with non-fall scenarios
that might generate significant vertical velocities (e.g. sitting), was prepared.
An actress was employed to perform the scenarios and thus simulate falls
and non-falls, and sequences of images were captured from both the infrared
sensor and a colour CCD video camera. Each scenario was performed in six
orientations of the subject and the cameras, giving a total of 84 fall and 26
non-fall sequences for each camera. In addition to performing the fall or non-
fall, the actress raised and lowered her arm at the beginning and end of each
sequence in order to provide a recognisable signal that could later be used to
synchronise the colour and infrared image sequences.

In order to simplify the simulations, they were performed at between
four and six metres from the cameras, with the cameras held parallel to the
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floor in the room. This maximised the ability to distinguish vertical from
horizontal motion. Twenty degree optics were used on both the colour and
infrared cameras, further simplifying the geometry of the scene through the
foreshortening effect of narrow angle optics. The infrared data were recorded
at 30fps in a proprietary format. Colour data were recorded at 15fps as RGB
values (i.e. no codec was used) in the AVI format. Interpolation was later used
to increase the effective frame rate of the colour data to match the infrared
data.

4 Velocity Estimation

The extraction of velocity information from the images recorded during the
simulations focussed on three areas:

e estimating velocities from the colour video images;
o estimating velocities from the differential infrared images;

e measuring the correlation between them.

The following sections give brief summaries of the methods adopted in each
of these areas.

4.1  Colour Segmentation and velocity estimation

The extraction of velocities from the colour images relied on the use of a colour
segmentation routine 8. Fig. 1. shows an example of a single frame of colour
video taken from one of the falls. During the simulations, the actress wore a
shirt of a different colour to any other object in the scene. This allowed the
colour segmentation routine to extract and label the pixels in the shirt region.
Following this, the co-ordinates of the pixels in that region were averaged to
calculate the centroid of the actresses upper body, giving a measurement of
her position in the scene. The vector of these measurements over the course of
an entire sequence of images could then be differentiated to produce a vector
of velocities. Only the vertical component of the velocity was calculated.
The image segmentation algorithm is described in more detail elsewhere &
but a brief description is included here for completeness. The approach
adopted relied on the clustering of pixels in feature space. The subject of
clustering, or unsupervised learning, has received considerable attention in
the past 2, and the clustering technique used here was not original. However,
much of the work in this area has focussed on the determination of suitable
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Figure 1. A frame of colour video.

criteria for defining the “correct” clustering. In this work a statistically mo-
tivated approach to this question was adopted, defining the size required for
a peak in feature space to be considered an independent cluster in terms of
the noise in the underlying image. This maximised the information extracted
from the images without introducing artefacts due to noise, and also defined
an optimal clustering without the need for testing a range of different cluster-
ings with other, more subjective criteria.

The segmentation process worked by mapping the pixels from the original
images into an n-dimensional grey-level space, where n was the number of
images used, and defining a density function in that space. A colour image
can be represented as three greyscale images, showing for instance the red,
green and blue components of the image, although many alternative three-
dimensional schemes have been proposed 1011, Therefore a colour image will
generate a three-dimensional grey-level space, although the algorithm can
work with an arbitrary number of dimensions. An image showing a number of
well-defined, distinct colours will generate a number of compact and separate
peaks in the grey-level space, each centered on the coordinates given by the
red, green and blue values for one of the colours. The algorithm then used
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Figure 2. A frame of colour video - the saturation (left) and hue (right) fields.

the troughs between these peaks as decision boundaries, thus classifying each
pixel in the image as belonging to one of the peaks. Each peak was given a
label relating to the number of pixels assigned to it, and an image of these
labels was generated as output.

In practice, illumination effects can spread out or even divide the peaks in
colour space. For example, an object of a single colour may be partially in di-
rect light and partially in shadow, and so the shadowed and directly lit regions
of the object appear to have different colours. In the RGB colour scheme each
component contains both chromatic and acromatic components. The object
will therefore generate two peaks in colour space and be segmented as two
separate regions. This is not a failure of the algorithm, since the separation of
the object into several regions preserves the information present in the image,
but it was undesirable in the current situation where the intention was to
label the shirt as a single region regardless of illumination effects. Therefore
the achromatic information was removed from the images prior to segmenta-
tion, by converting from the RGB colour space to the HSI colour space, which
separates the chromatic information in the hue and saturation fields from the
achromatic information in the intensity field. The intensity field was discarded
and the segmentation was performed on the hue and saturation fields. This
had the additional advantage of reducing the dimensionality of the problem
from three to two, reducing the processor time required. Fig. 2 shows the hue
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Figure 3. The scattergram for the hue and saturation fields shown in Fig. 2, corresponding
to the colour video frame shown in Fig.1. The peak in the upper-right corresponds to the
green shirt.

and saturation fields for the frame of colour video shown in Fig. 1, and Fig.
3 shows the scattergram of these two fields. The pixels correpsonding to the
shirt form a well-defined, compact cluster in hue-saturation space.

Since the actress wore a shirt of a single, uniform colour, it was labelled
as a single region. A thresholding algorithm could then be used to identify the
pixels covering the shirt region, and the centroid of the shirt was calculated
by averaging the pixel co-ordinates. Fig. 4 shows the outputs from the colour
segmentation algorithm. The vertical component of the centroid’s velocity
was then calculated by taking differences between the vertical position in
neighbouring frames, thus producing a velocity in units of pixels per frame.

The frame rate of the colour video was 15fps, whereas the frame rate of
the infrared data was 30fps. Since the colour video provided much more ac-
curate data, and to avoid discarding data, extra data points were generated
for the colour video by interpolating the centroid positions between each pair
of frames before the velocity calculation. Finally, since the colour segmenta-
tion algorithm was very processor intensive, the velocity calculation procedure
was only applied to a subset of 26 of the fall video sequences from the simu-
lations, and to a window of 30 frames centered around the fall in each video.
This generated 59 positional data points for each video sequence when the
interpolation was applied, and 58 velocity data points.
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Figure 4. Segmentation of a frame of colour video (left), and the result of thresholding to
extract the shirt region (right).

4.2 IR Velocity Estimation

The approach taken with the infrared images relied on the differential nature
of the detector. Since it was sensitive to changes in temperature, only moving
objects at a different temperature to the background were detected. Therefore,
the analogue of the colour segmentation task was performed by the detector
itself. As mentioned above, any moving object at a higher temperature than
the background generated two regions in the images: a region of positive
values covering the pixels into which the object was moving, trailed by a
region of negative values covering the pixels out of which the object was
moving. The zero-crossing between these two regions followed the trailing edge
of the object. In order to remove any horizontal component of the movement,
the 16x16 pixel infrared images were summed across rasters to produce a
16x1 pixel column vector. This introduced several additional advantages,
providing an extremely compact method for storing the image information
(the “crushed” image, produced by stacking together the column vectors from
an image sequence) and reducing the effects of noise. The positions of the zero-
crossings were identified initially by a simple search up the column vectors, and
were refined by linear interpolation. This produced a vector of approximations
to the vertical position of the actress across a sequence of images, which was
differentiated to produce a vector of vertical velocities. Fig. 5a shows a single
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(a) Single IR video frame.

S

(b) The “crushed” image.

(c) Detail from (b).

Figure 5. A single frame of IR video (a), showing the positive (white) and negative (black)
regions. The crushed image for this fall sequence (b) shows the extended period of activity
in the middle of the sequence corresponding to the fall itself, together with regions of activity
before the fall, corresponding to the actress waving her arm as a synchronisation signal,
and after the fall, corrsponding to the actress standing up. The region from the middle of
the crushed image is shown in detail in (c), with the zero-crossings marked as white points.

frame from the IR video, taken simultaneously with the colour video frame
shown in Fig. 1. Fig. 5b shows the result of stacking together the column
vectors for all of the IR frames taken during this fall, the “crushed” image.
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Figure 6. The raw velocity data, showing infrared velocity against colour video velocity.
The units of both axes are pixels per frame, where one frame corresponds to 1/30 th of a
second, but the definition of a pixel is different for the two axes.

Fig. 5c shows the region of the crushed image covering the fall itself, with the
zero-crossing marked as white points.

4.8  Velocity Correlation

The extent of the correlation between the velocities extracted from the colour
images and those extracted from the infrared images was measured using a
number of different techniques.

The simulation data consisted of 108 data sets, covering a variety of both
fall and non-fall scenarios, recorded on both a colour CCD camera and the
infrared sensor. In order to test the velocity calculation routines a sub-set of
26 of these data sets, covering the whole range of fall scenarios, were selected
and plotted against one another, as shown in Fig. 6. The units of velocity
in this plot are pixels per frame, where a frame corresponds to 1/30 th of a
second, but it must be remembered that there are 240 pixels along the y-axis
of the colour video images, and only 16 along the y-axis of the infrared images.

As can be seen, there is some correlation, but it is somewhat poor. This
was expected given the exacerbation of noise in the position data by the
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differentation used to calculate the velocity. Therefore methods of combining
data within the temporal stream were studied.

4.4 Data combination

Smoothing functions were applied in order to improve the correlation. A
variety of smoothing techniques were tested in order to find the best technique
for this data set. These included:

e a five-point moving window average, which replaced each data point with
the result of averaging the five points centered around that data point;

e a five-point median filter, which took the same window of data and re-
placed the central data point with the median of the five values;

e a combination of the two which was termed a median rolling average
(MRA) filter which took a window of five data points centered on the
point of interest, dropped the highest and lowest values, and then aver-
aged the remaining three points.

Each of these techniques had advantages. The median filter tended to
be more robust to outliers, whereas the moving window average was very
susceptible to outliers, but had a stronger smoothing effect in the absence of
outliers. The MRA filter combined the advantages of each, providing stronger
smoothing whilst retaining resistance to outliers.

Figs. 7-9 show the result of plotting the processed estimates from the
thermal sensor against the velocity estimates derived from the colour pro-
cessing. Several facts were immediately obvious from these plots. It is clear
that the smoothed data produced tighter distributions than the unsmoothed
data, but none of the three smoothing methods had an obvious advantage
from simple visual inspection of the plots. The plots for the three smoothing
methods had a typical shape: the velocity estimates from the infrared images
were directly proportional to those from the colour video up to velocities of
approximately 2 pixels per frame on the x-axis of the plots (corresponding
to the colour video velocity estimates), and then they flattened out. The in-
frared velocity at which this occured was around 0.19 pixels, approximately
the value that would be expected from the ratio of pixel sizes in the two
image types. Above this point, the infrared velocity estimates no longer in-
creasd with colour video velocity estimate. This was due to the basic physics
of the detector itself, rather than the methods used to extract velocity esti-
mates from the data. The thermal sensor took several seconds to saturate,
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Figure 7. The velocity data after 5 point moving window average, showing infrared velocity
against colour video velocity.

Figure 8. The velocity data after 5 point median average, showing infrared velocity against
colour video velocity.

and this placed an upper limit on the rate of temperature change it could de-
tect. The colour video velocity estimates had a maximum velocity of around
6 pixels per frame, corresponding to around 2.25 metres per second. The
infrared velocity estimates flattened at around one third of this value, and so
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Figure 9. The velocity data after 5 point median/ 3 point moving window average, showing
infrared velocity against colour video velocity.

the maximum velocity measureable for the given geometry was 0.75 metres
per second. Therefore, the sensor design discarded approximately two thirds
of the dynamic range of velocities present during typical fall scenarios. Fol-
lowing consultation with the sensor manufacturer, it emerged that this may
have been due to the preprocessing performed by the sensor itself, which has
since been modified.

In order to determine which smoothing method was the most effective
for this data, the correlations between the infrared and colour video velocity
estimates were measured in several ways. Firstly, a simple linear correlation
coefficient was calculated for the whole data set for each smoothing option,
and the results are given in Table 1. This was not in itself particularly informa-
tive, since it assumed a simple linear relationship between the two variables
studied, and furthermore was highly sensitive to outliers. The correlation
coefficients showed that smoothing the data gave a better correlation than
no smoothing, but did not show a significant difference between the three
smoothing methods.

Therefore, a more complex technique was applied. As mentioned above,
the infrared velocity data reached a plateau above a value of around 2 pixels
per frame on the x-axis (colour video velocity estimate) and 0.19 pixels per
frame on the y-axis (infrared velocity estimate), and did not increase further
with colour velocity. Any difference in the infrared velocity for data points
above this threshold therefore corresponded only to noise. The data from this
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Table 1: Statistics for the four smoothing methods used.

Smoothing method | Correlation | Inliers | Outliers 7 o
None 0.176 178 133 0.178 | 0.129
5 pt Average 0.201 239 72 0.193 | 0.098
5 pt Median 0.204 228 83 0.168 | 0.110
M.R.A. 0.199 239 72 0.212 | 0.098

region were projected onto the y-axis (i.e. the x-coordinates were discarded)
and the mean and standard deviation were calculated, assuming a normal dis-
tribution. Since these calculations were also sensitive to outliers, the outlying
data points were identified with a simple visual inspection and discarded. The
grey points on the graphs show the data points selected for these calculations:
the black points are the discarded data points. The number of inliers (grey
points) and outliers (black points above the 2 pixels per frame threshold) were
also counted. The results are again given in Table 1.

Inspection of the data given in Table 1 shows that the median rolling
average filter gave the best performance of the four smoothing options (three
smoothing methods plus no smoothing). It had the highest inlier /outlier ratio
and lowest standard deviation (although the difference between the median
rolling average and moving average was largely insignificant), showing that
it produced a tighter distribution and had the largest noise-reducing effect
of the three methods. It also produced the highest mean, and so gave more
separation of fall data points from the noise.

In order to conclusively demonstrate the superiority of the median rolling
average filter over the other filters tested for this data set, ROC curves were
plotted for the four smoothing options. A threshold was specified on the color
velocities to arbitrarily split the data into ”fast” and ”slow” velocities. This
threshold was set at 2 pixels per frame, the point at which the infrared veloc-
ity estimates stopped increasing with colour velocity estimate, and therefore
the threshold which gave the maximum ability to differentiate high velocities
from noise. Then a second, varying threshold was applied to the infrared
velocity estimates, and was used to make a fast/slow decision based on the
infrared data. The points above this second threshold therefore fell into two
groups. Firstly, those defined as fast using the colour data, i.e. those with
x values higher than 2 pixels per frame, represented correct decisions based
on the infrared data. Secondly, those defined as slow using the colour data
represented incorrect decisions. The number of data points in each of these
categories was counted, and a percentage was calculated by dividing by the
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Figure 10. ROC curves (showing percentage false acceptance rate plotted against percent-
age true acceptance rate) for the four velocity calculation methods (a) and a detail from

this plot (b).

total number of points either above or below the threshold applied to the
colour data. The two probabilities calculated in this way produced a point on
the ROC curve, and by varying the threshold applied to the infrared velocity
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the whole ROC curve was plotted for each smoothing option.

The ROC curves therefore provided a generic method for calculating the
correlations between the colour and infrared velocity estimates, by measuring
how often they agree or disagree on a data point being fast for some arbitrary
definitions of ”fast” and ”slow”. The resulting graph is shown in Fig. 10.

The best smoothing option was the one whose ROC curve most closely
approached the point (100,0) on the graphs, and it is clear that the MRA
filter was the best for this data set. Applying no smoothing was shown, as
expected, to be the worst choice. The median rolling average was always
better than the simple average, due to its ability to reject outliers. At very
low correct decision rates the median average proved better than the median
rolling average due to its superior resistance to outliers. However, the median
rolling average was clearly better than the other smoothing choices in the
regime in which the final classifier would operate.

4.5 Conclusions

The statistical analysis of the results from the four smoothing options clearly
showed that the median rolling average was the best smoothing filter for this
data set. Several other conclusions can also be drawn from the data presented.
Firstly, the time taken for the detector to saturate placed an upper limit of
around 0.2 pixels per frame, or 6 pixels per second, on the dynamic range of
velocities that could be detected. Given this information, the effects of changes
to the detector design can be deduced. Fitting a Gaussian to the infrared
velocity measurements in the flat part of the velocity curves produced a mean
of approximately 0.2 pixels per frame and a standard deviation of around 0.1.
It is therefore clear that, in order to separate the velocities measured during
a fall from the noise on measurements of zero velocity, a resolution of around
0.1 pixels per frame is required, and furthermore that this was being achieved
by the current method.

It is probable that the correlation between the velocities calculated from
the infrared images and the physical velocities present in the scene was bet-
ter than the correlation between the velocities calculated from the infrared
and colour video. The two velocity extraction techniques measured slightly
different quantities. In the case of the colour video, the actresses upper body
was segmented from the scene and its centroid calculated. The limbs and
head were ignored, and so the calculated velocities corresponded closely to
the movement of the centre of gravity. In contrast, the infrared images mea-
sured the movements of all body parts. As an example, if the actress waved
her arms whilst otherwise standing still this movement was detected in the
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infrared images but not in the colour video. The aim of this work was to
demonstrate the feasibility of extracting velocity estimates from the data pro-
vided by the thermal sensor, and the analysis presented here placed a lower
limit on the correlation between the velocity estimates from the infrared data
and the physical velocities present in the scene. This approach was intended
to give an overall ranking to the various velocity estimation algorithms tested,
rather than calculate an absolute fall detection efficiency measure.

5 Neural Network Fall Detector

Once the method for extracting estimates of velocity from the infrared images
had been produced, and a correlation with the physical velocities present in
the scene had been demonstrated, the next stage was the construction of a
fall detector that took the infrared velocity estimates as input and produced
a fall/non-fall decision as output.

Neural networks represent a well-established computational technique for
making classification decisions on data sets that can be divided into two or
more classes. In essence a neural network is a method for encoding a set of
decision boundaries in an arbitrarily high-dimensional space. The network
typically takes some high dimensional vector as input, and produces a classi-
fication of the data as output, based on the position of the vector in the space
compared to the positions of the decision boundaries. The main advantage
of the technique is that the positions of the decision boundaries can be de-
termined automatically during the training phase. Data is provided in which
the classification is known, and a variety of algorithms exist that optimise the
decision boundaries. The trained network can then be used to classify data
points for which the classification is not previously known.

In this case, the input data for the network was high-dimensional vectors
of velocity measurements representing temporal windows. Each temporal win-
dow of velocity measurements defined a point in the high-dimensional space in
which the neural network was operating. The network then attempted to de-
fine decision boundaries which encompassed the region of the space containing
the points corresponding to falls, thus identifying the characteristic patterns
of velocities present during falls. The dimensionality of the input vectors, and
thus the number of input nodes in the network, was selected on the basis of
the timespan of the falls recorded during the simulations: temporal windows
of nine velocity measurments were used.
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5.1 Data Preparation, Network Design, and Training

In order to provide known classifications for the data points used in the neural
network training, some method for labelling the positions of the falls in the
data was required. Therefore, the infrared images were synchronised with the
colour images, and the approximate positions of the falls were identified by
visual comparison. Then the three points of highest velocity during each fall
were labelled as falls, and the remaining data points were labelled as non-falls.
This provided approximately 50,000 classified data points, of which 20% were
extracted at random for neural network training, leaving 80% for testing the
networks.

A variety of neural networks were trained, in an attempt to find the opti-
mum architecture for this problem, varying all available parameters including:

e the number of hidden nodes, varied between 2 and 21;

e the number of hidden layers (1-2);

the initialisation factor for the network weights;

the training algorithm - either RPROP (resilient back-propagation) or
CGM (conjugate gradient minimisation);

number of iterations, from 200 to 2000.

A total of 120 combinations of MLP architecture and training regime were
used.

5.2  Testing

The trained neural networks were tested in two ways: by plotting ROC curves
describing their performance on the full data file (including the data not used
in training), and by comparison with the ROC curve for a nearest neighbour
classifier applied to the same data. For large data sets such as this the nearest
neighbour classifier approaches a Bayes optimal classification, and so provided
an upper bound on the performance of the neural networks, which was used
as a benchmark during network training. However, it requires a prohibitively
large amount of processor time to run and so did not form a viable solution
to the problem of fall detection in real time.

The trained neural networks gave output in the form of a probability i.e.
ranging from 0 to 1, with higher values indicating that the input data were
more likely to represent a fall. Rather than apply a simple threshold to this
output, counting all values above the threshold as falls and all values below
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it as non-falls, a more sophisticated method was applied in order to increase
detection reliability. The output from the network was monitored for local
peaks in the probability, and then the height of the peak was compared to
a threshold. This ensured that, during extended high-velocity events such as
falls, the network issued only one detection, rather than issuing a series of fall
detections for every point during an event that generated a network output
higher than the threshold.

The issue of which quantities to plot on the axes of the ROC curves was
problematic in this case. Firstly, falls were marked in the input data only at
the three points of highest velocity during the fall. The falls were, however,
extended events covering more than three frames, and so it was reasonable
to expect the network to issue detections shortly before or after the marked
three-frame window. It was therefore unreasonable to count as correct only
those detections which coincided exactly with the marked positions of falls.
Secondly, the network might issue more than one detection during the course
of a fall. This provided the choice of whether to count all of the detections
occurring close to a marked fall as correct detections, or whether to reverse
the problem and look at how many marked falls had one or more detections in
their temporal vicinity. Finally, a similar issue applied to false detections. If
false detections could be caused by an event such as the subject sitting down,
which was not marked as a fall but nevertheless caused a local period of high
velocities, then several false fall detections might be issued within this period.
This raised the problem of whether to count these as multiple false detections
or as a single false detection, which in turn raises the logical problem of how
to specify non-events. It should however be noted that any choice of how to
count correct and false detections would allow the network performances to
be compared as long as the same procedure was applied to the outputs of all
networks.

The approach chosen for plotting the ROC curves for the neural network
outputs was as follows. The outputs from the neural networks were monitored,
and the heights of local peaks were compared with some threshold. Peaks
higher than the threshold represented fall detections, and the positions of
these fall detections in the input data file were recorded. A second loop
scanned through the data looking for the specified positions of falls. Any
true fall that had one or more fall detections by the neural network within
20 frames in either temporal direction (0.66 seconds at 30fps recording rate)
was counted as a correct detection, and any specified fall that did not have
such a detection by the network within that time period was counted as a real
fall not detected. Therefore the reconstructed signal axis of the ROC curves
showed the number of genuine falls detected by the network as a proportion of
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the total number of genuine falls. This treatment ensured ease of comparison
between the different networks, as the maximum possible number of events
represented in the recovered signal measurement was limited to the number
of labelled falls in the data. It avoided the potential problems inherent in
examining the raw number of detections by the network e.g. if a particular
network produced multiple detections during a small percentage of the labelled
falls, but did not detect the remaining labelled falls, looking at the raw number
of detections would give that behaviour an unfair advantage, whereas looking
at the number of genuine falls which had one or more detections did not.
Finally, the whole procedure was repeated, varying the threshold to which
the heights of local probability peaks were compared, to plot out the whole
span of the ROC curve.

The treatment applied to generating data for the error rate axis of the
ROC curves was slightly different. The same arguments applied, in that there
were underlying events in the data (e.g. sitting down) which might generate
one or more false fall detections by the neural network. However, in this case
there was a logical problem of how to specify a non-event. Therefore, in the
absence of a viable solution to this problem, the error rate was calculated
as the number of false detections divided by the total number of data points
which did not fall within a forty-point window around one of the falls.

Plotting the ROC curves for the neural networks provided a method for
picking the best-performing network, but it was also desirable to compare
them with the optimal classification performance. Therefore, the results were
compared to the results obtained from a nearest neighbour classifier. The
nearest neighbour classifier can be shown to approach the Bayes optimal clas-
sification i.e. the classification that would be obtained if the underlying prob-
ability distributions which generated the data were known and were used at
each point in the input pattern space to make the classification decision. A
nearest neighbour classifier operates by searching for the n nearest points to
each data point using e.g. a Euclidean distance metric, and then taking an
average of the labels assigned to these points i.e. whether the point has been
specified as belonging to a fall or not. A threshold can then be applied to this
score, and points with higher values represent fall detections by the nearest
neighbour classifier. As with the neural network, this output threshold was
the parameter that was varied to plot the whole range of the ROC curve. The
treatment applied to convert these detections into percentages for ROC curve
plotting was kept exactly the same as the procedure used with the neural net-
work ROC curves, including scanning for local peaks in the output, to ensure
that the curves could be compared. The number of nearest neighbour points
used to make the classification decision was varied between 10 and 50, and
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Figure 11. ROC curves (a) for the nearest neighbour classifier using 30 neighbours, net
89, net 33 and for classifications based on single velocity measurements. The x-axis shows
the error rate as a proportion of the total number of data points and the y-axis shows the
proportion of true falls detected. A detail from the plot is shown in (b).

the best-performing nearest neighbour classifier was selected using the ROC
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curves.

In order to produce a measurement of the performance improvement
gained through applying a neural network to this problem, software was writ-
ten to make the classification decision based on single velocity data points
(the lower bound). The central velocity point from each nine-point window
was used in place of the neural network output, scaled so that all downwards
velocities lay between 0 and 1, but the remainder of the decision code was
kept exactly the same as for the neural network. The ROC curve for this clas-
sification system was produced and compared to those for the neural networks
and nearest neighbour classifiers.

Fig. 11 shows the ROC curves produced by the methods outlined above
for the best-performing nearest neighbour classifier (using n = 30); the best-
performing neural network trained with CGM (net 89); the best performing
neural network trained with RPROP (net 33); and the single data point deci-
sion system. The best performing neural network was therefore net 89, which
had 18 hidden nodes in one layer and was trained with 2000 iterations of
CGM. No further improvements in performance were gained either through
increasing the number of training iterations, or by using more data in the
training phase. The ROC curve for this network lay reasonably close to that
for the nearest neighbour classifier, with error rates around 2 times higher.
However, the error rate for the single data point decision system was a fur-
ther factor of five higher, showing that considerable performance gains were
realised through the application of a neural network to this problem.

6 Conclusions

Overall, it is clear that the approach of calculating vertical velocities from the
infrared images and classifying them as fall or non-fall using a neural network
is sufficient to produce a practical fall detector.

Close examination of the scenarios that led to false fall detections showed
that most were due to movements specific to the simulations, to movements
occurring immediately after a fall, or to changes in the viewing angle of the
cameras during the simulations. All of these can justifiably be ignored. The
remaining false detections occurred during high-speed sitting events that could
more accurately be described as falls into chairs. It might be expected from
a comparison of the basic physics of falls into chairs and falls to the ground
that these two classes of events would be indiscriminable in terms of the
distributions of vertical velocities they generate, and the performance of the
nearest neighbour classifier, an honest classifier, when applied to such events
strongly supports this. In order to calculate the performance that would be
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seen on realistic data additional information, such as the number of times per
day that the average subject sits down, would be required. The detection
efficiency for true falls can be varied by changing the threshold applied to the
output of the neural network. The percentage of true falls detected will also
be the percentage of events in the classes indistinguishable from falls that are
falsely detected as falls. For example, if the system is tuned to detect 50%
of all true falls, then 50% of all high-speed sitting events, i.e. those sitting
events involving a period of free-fall, will generate false fall alarms. This
proportion, multipled by the number of such events that occur each day with
a typical subject, will give the average daily false alarm rate. It is probable
that, given the target subject group for this system, such events would be rare
and thus the false alarm rate would be low, but only a further study involving
evaluation of the prototype system in a realistic environment could determine
this.

The study of performance evaluation is vital in placing machine vision
on a solid scientific basis. We have described a case study: the development
of a vision system to detect natural events in a low-resolution image stream.
The work has involved two distinct examples of the assessment of algorithmic
design decisions to maximise detection reliability. In the first example this
assessment was carried out by comparing measures and estimates made by
the system under development with measures obtained independently, in the
absence of genuine ground truth data. We have shown that even when these
independent measures are themselves noisy, their independence can serve to
guide rational design decisions and allow performance estimates to be made.
In the second example we have shown that the temporal identification of
events can be subjected to a similar performance analysis, and that upper
and lower bounds placed on the data by independent classifiers can guide al-
gorithmic design in a different way, providing an estimate of the proximity
of the system to optimal performance. In both cases the analyses were per-
formed using ROC curves, showing that, with suitable consideration of the
definitions of true and false detection rates, such curves can provide a unified,
generic approach to performance evaluation in a wide range of machine vision
problems. We therefore believe that, although presented here for one specific
system design, such an approach will be applicable to other situations when
an image-based system is to be used in the analysis of natural scenes in the
absence of a precise ground truth.
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