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Computers have long been available to the research worker in 
Targe national and university laboratories, but recent 
technological advances have offered the laboratory worker 
the chance of exploiting the computer for routine analytical 
work. 

Laboratory minicomputers are extremely versatile instruments 
that can handle many tasks previously reserved for large 
computers, but they may take longer to process the work load. 
However, the cost advantage is such that they can often out-
perferm their big brothers. The latest advance is that of 
the microcomputer - the computer on a chip - which, with prices 
running at the $1000 mark, is sure to have an even greater 
impact on the automation of laboratory equipment. 

It is easy for the knowledgeable computer expert to speak of 
the advantages of computer technology to the analyst, but what 
can the computer really offer? Firstly, it must be remembered 
that the computer does only what it is told to do. Thus, the 
computer will not in general be able to do a job any better than -
and sometimes not as well as - the human analyst, but it will 
handle routine repetitive jobs better in the following respects. 

i) It works fast, thus offering a higher throughput of 
work. 
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ii) Its higher speed means that more detailed analyses 
can be made. 

iii) It can monitor several processes simultaneously and 
responds rapidly to deviations from set limits. 

iv) It is repeatable and generally error free, i.e., it 
will respond identically to repeated application of 
the same criteria. This implies that it produces 
unbiased results, which is not always true of the 
laboratory worker. 

v) Perhaps its greatest advantage is that it can 
operate in a 'stand-alone mode'. This not only 

* offers twenty-four hour use of valuable equipment 
but frees personnel for other tasks. 

In general, the computer system is designed to accept a 
number of inputs and generate a number of different outputs 
for the purposes both of control and data logging. A typica 
system design is shown in figure 1. 

A typical program structure would be divided into five tasks: 

i) the acquisition of data, 
ii) data analysis routines, 
iii) a library search routine, 
iv) decision-making routines, and 
v) the output of data for control purposes 

These tasks would be controlled and monitored by a supervisor 
program as depicted in figure 2. 

DATA INPUT 

Aftet suitable input transducers to measure the parameters of 
interest have been chosen, the signal is generally fed to the 
computer via an analogue-to-digital converter. (This exclud 
the special case of analogue computers). The signal can be 
accepted by the computer in one of two ways. 
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i) The measuring device generates an interrupt signal 
informing the computer that it has data available 
for transmission. 

ii) The computer generates a signal to stimulate the 
measuring device and so obtain the data available. 

The choice of method depends on the type of measurement 
desired and the sophistication.of the measuring device, which 
may even be another computer. The type of signal received 
by the computer may vary from a single bit of information (i.e., 
whether a switch is ON or OFF) to several megabits of information 
containing data gathered over a long period of time. 

However, since the measurement is presumably repetitive, the 
data will in either case be in the form of a spectrum, i.e., 
one parameter as a function of another. 

Example 1: For an automated titration, the computer may 
signal 'Reagent to be added and then read the pH'. 
This would give rise to a spectrum of pH versus 
volume of reagent, from which the actual end-
point could be very accurately determined. 

In fact, for the wide range of possible measurements, very few 
detectors have the inherent wide response and high resolution 
necessary to generate a useable spectrum. Some nuclear 
radiation detectors can be used for spectral analysis, whereas, 
for example for optical measurements, a diffracting device must 
be used to expand the region of interest before a high-
resolution spectrum can be obtained. 

Example 2: A non-dispersive Si(Li) detector system for X-ray 
analysis may accumulate data until a preset number 
of counts has been reached. 'It then stops, 
generates a computer interrupt, and passes the 
entire spectrum of data for processing. This 
measurement is then repeated for the next sample. 
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Example 3: A dispersive X-ray fluorescent spectrometer is 
set to measure at a particular angle for a preset 
time. On completion, it transfers the single 
measurement to the computer, which returns a 
signal to change the measuring angle and take 
another reading. 

SPECTRAL ANALYSIS 

The power of spectral analysis versus the single-shot method 
can be seen from the titration example. Assume the titration 
follows the data in figure 3, and that the end point is 
defined when the potential is exactly 0,75V. 

On the single-shot approach, as soon as the potential is 
greater than or equal to 0,75V, the end-point is signalled, 
giving 23,2 ml of reagent. However, inspection of the full 
spectrum of data shows that the true answer is closer to 
23,14 ml. 

The mathematical analysis of spectral data * ' can be divided 
into four phases, with some ovenap in that one technique may 
give information on more than one phase. 

Optimization of Signal-to-Noise Ratio 

Every measurement, howevei carefully made and however good the 
equipment, consists of the true measurement plus a noise signal. 
Digital techniques, some of which assume an inherent spectral 
shape, can be used to remove some of these fluctuations. 

The error on repetitive signals can be easily reduced by the 
averaging of several measurements. A good example is the 
averaging of a low-intensity voltage wave using an oscilloscope 
coupled to a small computer. Figure 4(a)' shows a typical 
noisy sine wave, and 4(b) shows the average of 100 repeated 
measurements. 
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The simplest form of smoothing is a running average. A 
slightly more sophisticated technique is that of polynomial 
fitting. In the case of evenly spiced data, this reduces to 

(2) a simple linear equation , which is computationally very 
fast and is therefore very popular. In some cases it may be 
necessary to fit special functions, for example, non-regular 
spectra may require the fitting of step functions. Even 
fairly simple smoothing can result in a significant reduction 
in noise. For example, a five-point quadratic fit to normally 
distributed data will reduce the error of a given value by 
30Z. 

Although smoothing can be used to reduce the error on any one 
spectral parameter it should be realised that this will 
necessarily imply that the error on another parameter will be 
correspondingly increased. 

(3) The application of Fourier techniques can be used to develop 
a power spectrum of the noise which will give a good indication 
of the order of smoothing that can be used before the signal 
itself is lost. 

Qualitative Spectral Analysis 

It is generally necessary to assume a shape for the structure 
of interest in the spectrum, and then to tailor the analysis 
to this shape. In unknown spectra, the location and even the 
number of structures of interest in the spectrum may be unknown. 
This would typically be the case for an X-ray spectrum from 
which the presence and concentration of a wide range of 
possible elements must be estimated. 

Structures are commonly associated with turning points in the 
spectrum. These can usually be detected ,by changes in the 
slope or first derivative of the spectrum , e.g., a peak is 
located by the slope changing as follows: 0, +, 0, -, 0. 
The peak position is at the middle zero, and its bounds at the 
left and right zeros. 
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The use of statistically 'high' values may also be useful in 
non-regular data, especially if the values follow one of the 
standard statistical distributions, or can be transformed 
so that they do. For example, a value is significantly high 
at the 95? level if it is greater than two standard deviations 
above the average level of normally distributed data. 

A very useful technique for 'difficult structures' is to 
calcuia'.e the correlation spectrum ' ' . This is done 
by moving a test shape along the spectrum and calculating 
its correlation coefficient at each point. The presence of 
the structures can then be seen from those points that have 
statistically high correlation coefficients. 

Quantitative Analysis 

The removal of blank or background effects, if significant, 
can be approached in two ways. The first is to run several 
background spectra, average the individual measurements, 
and subtract the result from the smoothed sample spectrum. 
This can introduce problems if there are sharp structures in 
the spectra and slight gain shifts occur, but is frequently 
practised to remove often severe interferences where it is 
referred to as spectrum stripping. The second method is 
to process the background spectra as one would a sample 
spectrum, and subtract the resultant background values from 
the corresponding sample values. 
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The quantitative analysis of peaks (or of their inverse, 
valleys), involves the estiaation of height, width (at 
base or half height), area, centroid (or perhaps position 
of maxiaum peak height), and perhaps the slope at any given 
point. These can often be calculated directly froa the 
data obtained from the qualitative analys'is, or aore accurate 
results nay be obtained by fitting a suitable function or sua 
of function(s) plus background . This aethod i« often 
successfully used to calculate the areas of overlapping peaks 
where directly calculated results will be erroneous. 

Exaaple 4: In gaaaa-ray spectra, peaks can often be 
approximated by a Gaussian curve on a non
linear background. An analysis of the exaaple 
in figure 5 could be as follows: 

(i) Calculated directly from spectral data 
Peak position . • ^ 2 5 chs 
Net peak height « 210 cts 
Net peak area - 956 cts 
Base area . * 625 cts 
Full width half 
maximum • *v> 4 cts 

(ii) Least-squares fit of a Gaussian curve on a 
quadratic background 
Peak position - 24,8 chs 
Net peak height - 200 cts 
Net peak area - 884 cts 
Base area • 695 cts 
Full width half * 4,2 chs 

maximum 

Example 5: Various techniques require data to be read xrom 
photographic plates. A typical analysis of the 
sca>' shown in figure 6 is given below. 
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(i) A simple plate reader may hold the 
maximum value * 8SZ 

(ii) The alternative least-squares analysis 
would give: 

Peak height • 74,4Z 
Width « 0»8* 
Baseline - 0,0Z 
offering tht possibility of checking for 
interfering lines by inspection of the line 
width and baseline. 

In fact, the accuracy of the value often depends on the 
sampling frequency used. If it is too wide» the structure 
may be missed completely, and, if it is too narrow, the 
process is too time-consuming and there are redundant data. 
A commonly used criterion is to have five values covering 
the top half above the background of the structure. 

It may for some reason be difficult or impossible to obtain 
a reading at a desired value. In that case, a spectrum of 
readings can be built up on either side of the required value, 
and, if the curve is regular, the desired value can be 
obtained by intrapolation. 

Example 6: The density of water at 12,4°C is required. 
Since it is difficult to obtain this measure
ment while the temperature is held exactly 
constant, measurements are taken at arbitrary 
temperatures (see figure 7) and the value of 

-3 0,99945 gem is obtained by intrapolation. 

The calibration of the analysis system is, of course, all 
important. Frequently one would like to calibrate the system 
absolutely wi'th respect to all the parameters of interest, 
for example, efficiency, resolution, time base, sampling 
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frequency, etc. However, this is often difficult 
or impossible, and comparative calibration must be used. 
In practice, this involves the analysing of a sample of 
known concentrations, values, etc., and comparison of 
the unknown with this 'known' or precalibrated standard. 
The standard should be as similar to the unknown as possible, 
and hence errors in the technique will tend to be the same 
in both the unknown and standard, and the result should not 
be too much in error. 

Standardization 

Once the spectral data have been analysed quantitatively, the 
final results can be obtained by use of a computer program 
that mathematically models the analytical process. This 
technique is limited in accuracy by the closeness with which 
the model follows the analytical process but, more importantly 
by the accuracy to which the system has been calibrated. 
Alternatively, the data can be compared with those of 
analytical standards and the final absolute values calculated. 
These results may be the final answers on which control 
decisions can be made, or further processing may be necessary. 

DATA COMPARISON 

An important aspect of the computer is its storage capacity. 
Both the computer memory and offline storage, e.g. disc storage, 
can be used to store libraries of standard data. Such a 
library can then act as a data base against which the sample 
results can be compared. Typically, this technique could be 
used in the allocation of various peaks in a spectrum to 
their parent element or compound as is the case in infrared, 
nuclear magnetic resonance, and mass spectroscopy. In some 
cases, such as the identification of minerals from x-ray 
diffraction data the computer can do several man-hours work 
in a few seconds. 
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DECISION MAKING 

Once the final analyses are available, the computer 
can be instructed to make some logical decisions. 

In the case of an automated analysis, the results can 
be compared with preset values and the analysis repeated 
if the values are found to be outside a given range, 
e.g., the error may be too large and a longer analysis 
period may be required. 

If the computer-aided analysis forms part of the data flow 
in an automated plant, the supervisor computer program 
will accept the results and may then signal changes to, 
for example, the input feed to the process. 

In either case, if the result of the analysis is such that 
it may influence the subsequent analyses through some 
feedback circuit, the process is truly automated. 

CONCLUSION 

A computer can be an extremely valuable tool for routine 
analysis and is particularly useful for the analysis of 
spectra, which is generally a time-consuming process. A 
number of general-purpose algorithims that are available 
for the various phases of the analysis can be implemented 
with no great computational difficulty. However, a computer 
is no cleverer than the person who programmed it, and the 
programs should theoretically be designed to cope with all 
the variations that may occur. This is basically impossible 
since the number of variations is endless, and one must 
therefore find a compromise between obsfcure errors and program 
complexity. 

In some cases, particularly in research problems, a good 



compromise is to let the computer do the basic work 
with human interaction at critical points. In .spectral 
analysis, this could be achieved by the use of an 
interactive graphics terminal, which can be used to 
display the spectrum and the computer-calculated 
qualitative and quantitative results. The user scans 
the data and makes any necessary changes, and returns 
control to the computer for completion of the analysis. 
In this way the best abilities of both nan and machine 
are used to their fullest advantage. 
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