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Abstract. In the paper numerical algorithms used in the automatic diagnosis of prostatic
hypertrophy are presented. The liquid flow during urination was applied as a signal that describes
the condition of prostate. In order to register the signal, the uroflowmeter was used. Patients were
included in a two-step procedure. In the first step, an analysis of signal characteristics, such as
maximum and the mean value with the use of Liverpool Nomogram, were performed. Then, the
signal was tested for the presence of oscillation. For this purpose, an algorithm that generates the
reference signal was created. Moreover, the similarity waveform was investigated with the help
of the integral index. The diversity of signals indicated the presence of anomalies and had an
impact on the final classification of the patient.
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Introduction

The aim of this paper is to work out a numerical algorithm that realizes automatic classification
of the urine flow speed characteristics. Such solution enables detecting oscillation in the urine
flow, which may be a sign of the urinary tract disorders, e.g. benign prostatic hyperplasia (in the
case of significant flow oscillations or the lack of the continuity of the characteristics). The
methods which have been applied so far, e.g. Nomogram Liverpool, do not exploit information
related to the urine flow characteristics. They are based on the analysis of the volume, average and
maximum value of urination. The final diagnosis is formed by a doctor who analyses the shapes
of time characteristics individually. The worked out algorithm will enable automate the screening
tests process with the use of simple devices based on force transducers, such as uroflowmeters.
They enable doing tests at a patient’s home, and if the anomalies of the characteristics shape occur,
the device will inform the user about the necessity of consulting the doctor. On the basis of the
characteristics obtained from the machine, the doctor will be able to take decisions concerning
further treatment. It should be stressed that the authors have never found any record of another
solution concerning the urine flow curves classification with the use of a similar method. However,
there are other solutions in terms of the urine flow charts identification based on neural networks

[1].

Algorithm of the dynamic urine flow analysis

The urination is characterized by: the maximum and average flow rate, the urine volume, the
time to maximum flow, the flow time and the time of urination [2-5]. Examples of the accurate
and the impaired urination are shown in Fig. 1.
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Fig. 1. The examples of urination patterns [6]

Nomograms considering the signal features such as maximum and average values are widely
available in literature [7]. However, some anomalies of the flow (oscillations), not detected
through the described parameters, can occur. They may indicate the occurrence of the disease and
should be detected. In the further part of the study, a set of algorithms using nomograms, as well
as the original idea for oscillations detection in the curve of the urination, are presented.

The described diagnostic algorithm worked in two steps. In the first one, the analysis of
parameters such as the maximum and mean value, with the use of Liverpool Nomogram, was
performed. The particular waveforms were replaced by the third and fourth order approximating
polynomial and expressed by the following equation:
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where: V, — voided volume.

If the determined average flow rate was between Averageson and Averageiom, the patient was
considered to be within the normal range. An example of the nomogram is shown in Fig. 2.
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Fig. 2. Examples of generated nomograms

Then, a comparison between the generated reference signal with the urination signal was
performed. The integral indicator described the similarity of signals and is expressed by the
following equation:

) Qj|v v, @)

where: to— the initial time, t,— the final time, Y — signal value, Y. — value pattern.
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In order to generate the reference waveform, two third order Bézier curves [8] were used. The
Bezier curve is generated dynamically for individual cases. It has the same time of achieving the
maximum value, the same area under the curve, average and maximum value as the characteristics
obtained during the urine flow tests.

The waveforms of the generated curves are presented in Fig. 3. On the left side, the Bézier
curve is superimposed on the inaccurate waveform, while on the right side — the Bézier curve is
within the normal range. For the first one, the coefficient value equalled J = 79.55, while for the
second one — J = 27.78. The boundary coefficient value J = 70.00 was empirically established as
considered to be abnormal.

Achieved results

The application of the first of the described methods resulted in classifying 18 of the 50
available waveforms of urination within the normal range. However, in this group of waveforms,
oscillations occurred in 8 cases. The second of the described methods was characterized by high
numerical cost and was used in 18 selected waveforms of urination. Furthermore, in this case, the
application of the algorithm enabled detection 6 of 8 irregularities.
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Fig. 3. The Bézier curves imposed on inaccurate and accurate waveforms
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Conclusions

The aim of this paper was to present a method that can be applied in preliminary classification
of the urine flow curves. It may be used in early diagnosis of e.g. prostatic hyperplasia. The worked
out procedure of analyzing data from a uroflowmeter enables conducting an automatized
classification of data that may indicate a urinary tract disorder.

It is worth underlying that application of the first method is insufficient for a definite diagnosis.
In the group of patients considered to be healthy, waveforms with oscillations occurred as
frequently as in 8 cases. Therefore, this method was not able to detect local anomalies. However,
the application of the second method was characterized by high numerical cost, which
considerably increased the efficiency of the algorithm in the detection of 6 inaccurate results out
of 8 tests.

Undoubtedly, a diagnostic system should include at least two methods. In further study it is
planned to replace the second method by a method using the wavelet transform.
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