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Abstract: Frequency-to-Digital Conversion (FDC) and Artificial Neural Networks (ANNs) techniques 
are two powerful tools that can be used to improve the performance of measurement systems. The 
main advantages associated with frequency output transducers include their high noise immunity, high 
output signal power, wide dynamic range and simplicity of signal interfacing and coding [1-2]. The 
frequency-to-digital conversion is easily performed by any low-cost microcontroller, or circuits based 
on commercial off-the-shelf (COTS) components, without need of any analog-to-digital converter 
(ADC). Considering the software component, artificial neural network techniques can easily be 
adapted to linearize transducer’s characteristics or to compensate the disturbances caused by influence 
quantities. 
In this paper a dual-channel FDC is used to measure relative humidity (RH) and temperature, and 
ANN techniques are applied to compensate RH measurements errors caused by temperature variations. 
Particular attention is also dedicated to the statistical behavior of the calibration data in order to select 
a suitable conversion accuracy for a given signal-to-noise ratio. 
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1. Introduction 

Voltage and current are still the most common output signal types used for transducers, specially in 
industrial applications where the majority of conventional transducers returns a 4-20 mA current loop 
signal modulated by the measured quantity, but nowadays the number of transducers that use 



 

frequency-time domain parameters modulated by a physical, chemical or biological quantity is 
increasing and is a promising alternative that must be considered in the design and implementation of 
any measurement system. 

Besides the inherent advantages previously referred associated with frequency-to-code conversion, the 
high accuracy of this conversion method can achieve relative errors (δ) lower than 0.001 % FS (full-
scale), being this error negligible, even when high accurate sensors are considered (relative errors in 
the range of 0.01 % FS). 

However the selection of an excessively accurate FDC device is not advisable because the converted 
digital signal is not meaningful in terms of significant digits and the conversion rate that can be 
obtained is reduced, since the conversion time is inversely proportional to the requested conversion 
accuracy. The conversion time (Tc) obtained with the method of dependent count (MDC) [3], which 
can approximate the values obtained with most powerful FDC methods, is given by the following 
relationship [2]: 

c
1 δ+ F fT =

F
          (1) 

where δ represents the selected accuracy, and F and f are the maximum and the minimum values of the 
measured and reference frequencies, respectively. 

 The choice of appropriate conversion accuracy is thus an important issue in order to optimize the 
performance of FDC based measurement systems especially when multiple accuracies can be provided 
by a single FDC device. The problem of selecting an excessive conversion resolution for an FDC 
system is similar to the selection of the number of bits of an ADC converter that assures a pre-defined 
signal-to-noise ratio. In ADC applications, the suitable number of bits of the converter is the minimum 
integer number (nmin) that verifies the condition: 
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where (S/N)dB is the signal-to-noise ratio in dB units. 

A self-adaptive measurement method for FDC based systems is proposed here paying attention to the 
statistical distribution of the measurement results obtained during the system’s calibration phase. The 
same procedure can even be extended to the normal operation phase of the measurement system when 
a software programmable conversion rate is selected to a value much higher than the signal bandwidth 
(oversampling). 

 

2. SYSTEM DESCRIPTION 

In order to exemplify the proposed method, a temperature (T) and a relative humidity (RH) 
measurement system is considered. System’s hardware includes basically a set of two transducers, one 
for temperature and the other for relative humidity measurement, a universal frequency-to-digital 
converter (UFDC) [4] and a personal computer (PC) with an RS232 interface. 

System’s software includes a set of LabVIEW [5] virtual instruments (VIs) that perform 
communication, data processing and graphical user interface (GUI) tasks. 

The processing tasks implemented in the PC can also be executed by any low-cost processing devices 



 

(e.g. a microcontroller) and the results displayed using an LCD display. 

 

A. Transducer module 

The temperature transducer is an SMT 160-30 [6] that provides a duty-cycle modulated square wave 
output voltage that varies linearly with temperature. The nominal dependence of the duty-cycle with 
temperature is given by: 

DC(T)=32+0.470 T   (%)∗                  (3) 

where T represents the temperature in ºC and the duty-cycle varies between 10.85 % and 93.1 %, when 
the temperature varies between its minimum and maximum values, -45 ºC and 130 ºC, respectively. In 
the present application, a temperature range of [10;60] ºC was considered. 

The main specifications of this transducer include an absolute accuracy of ±0.7 ºC, a linearity error 
lower than ±0.2 ºC, an output signal frequency (TTL/CMOS compatible) between 1 and 4 kHz and 
electrical power consumption lower than 1 mW. 

The relative humidity transducer (HF3223) [7] based on a capacitive sensor (HS1101), provides a 
frequency modulated square wave output voltage that varies linearly with relative humidity (RH), 
being the frequency values given by: 

Fout=9740-18 RH   (Hz)∗                 (4) 

where RH represents relative humidity in percentage and the output frequency (Fout) varies between 
9560 Hz and 8660 Hz when RH varies between its minimum and maximum values, 10 % and 95 %, 
respectively for a constant temperature on the sensor level (22 ºC in the present case). 

Important characteristics of this transducer are an absolute accuracy of ±5 % RH, sensitivity of 18 
Hz/% RH, fully digital interpretable output signal (TTL/CMOS compatible), and a current 
consumption lower than 0.1 mA for a 5 V amplitude supply voltage. 

Referring to the temperature dependence of the relative humidity transducer, measurement errors of 
some 5% of relative humidity can be reached when the temperature varies between 10 and 60 ºC. The 
evolution of relative humidity absolute error (eRH) versus the transducer frequency output (in Hz) and 
the temperature (ºC) are presented in Fig.1. 
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Fig.1. The evolution of relative humidity absolute error versus temperature (T=[10,60]°C)  



 

 

In order to reduce the RH measurement error (eRH) caused by the temperature variation, the 
information provided by the temperature and RH measurement channels is used as input of a neural 
network compensation block.  The neural network as part of the system software delivers the 
temperature compensated RH values. 

 

B. UFDC module 

The frequency-to-digital conversion is performed by the UFDC that contains a pair of frequency-to-
digital converter channels and can be used for frequency, period, duty-cycle, time-interval, phase-shift 
and pulse count measurements. In our application, channel 1 is used for temperature measurement and 
programmed in a duty-cycle measurement mode, and channel 2 is used for humidity measurement and 
programmed in a frequency measurement mode. The main characteristics of the UFDC include a 
programmable relative error, for frequency (period) conversion from 1 % up to 0.001 %, an auto-
calibration capability based on a 8 MHz quartz crystal oscillator signal and 3 different types of 
communication interfaces (RS232, I2C, and SPI). 

Figure 2 represents the main elements of the prototype system that was developed for testing purposes. 
Fig. 2(a) shows the transducer module and Fig. 2(b) represents the implemented 

 

prototype based on the UFDC integrated circuit. This prototype includes a set of two dip-switches, on 
figure’s top, that can be used to manually select the measurement mode and accuracy. In our 
application the RS232 interface was used for communication with a PC. 

The Microchip’s PIC16F877 [8] single chip microcontroller was also used for testing purposes. The 
main characteristics of this device include the following elements: memory 8kx14 flash memory, 
368x8 RAM memory, 256x8 EEPROM memory, 3 timers, two capture-compare PWM modules, 10-
bit multi-channel analog-to-digital converter and USART communication port (SCI). With this 

 

(a)   (b) 

Fig. 2. Developed prototype used for testing purposes: (a) transducer module, (b) UFDC module 

HF3223 SMT 160-30 Mode Sw. Accuracy Sw. 



 

hardware platform the RS232 interface is implemented through the SCI subsystem of the 
microcontroller. A single supply MAX232 interface chip performs the 0-5V to the RS232 voltage 
levels translation. 

       

C. Software 

The main tasks of the software module include the uncertainty evaluation of the measurement data, the 
accuracy selection of the UFDC device, the detection of abnormal and faulty conditions, the 
measurement system auto-calibration, the neuronal network compensation of RH measurements errors 
caused by temperature variation, and generic GUI and communication tasks. 

The criteria used for UFDC accuracy selection is based on a Gaussian curve fitting of the calibration 
data histogram. The standard deviation (σc) and the mean value of the calibration (Xc) data is defined 
by: 
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where Xc(i) represents the results for a set of N successive calibration measurements. The standard 
deviation, or a multiple of its value, is generally used to quantify measurement uncertainty. An 
uncertainty value equal to ±3⋅σc of the calibration data set assures, for a statistical Gaussian 
distribution, that 99.7% of the measurements, of a given quantity (Xm), are within the interval [Xm-
3⋅σc; Xm+3⋅σc].   

Based on these premises, the UFDC selected accuracy (δmax) is the higher value of δ that verifies the 
following condition: 

c

c
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                       (6) 

where σc represents the standard deviation obtained from Gaussian curve fitting histogram, cX  
represents the average value of measurement results, obtained during calibration phase, and min() 
represents the minimum value of the argument evaluated for the set of calibration points. 

The above criteria assures that the selected UFDC accuracy is, at least, adjusted to 99.7 % of the 
calibration data distribution, being the measurement noise automatically cancelled without need of 
averaging procedures, that implies an higher conversion time and thus a lower input signal bandwidth. 

As an example, Fig. 3 represents the statistical distribution of the temperature calibration 
measurements for a controlled temperature equal to 20ºC and for a number of calibration points (N) 
equal to 1024. From the Gaussian curve fitting results, and considering an uncertainty defined by three 
times the standard deviation, the UFDC settings must consider an accuracy of 0.5 % (accuracy 
number=”01”) and the measurement mode must be set for duty-cycle measurements (measurement 
mode=’04’). 

The RH measurement compensation is based on the neural network processing using a Multilayer – 



 

Perceptron processing block that was designed using the calibration data.  

 

D. Neural Network Temperature Compensation Block 

Considering the non-linearity of the RH(Fout,T) characteristic associated with the relative humidity 
transducer, a transducer characteristic inverse model based on neural network [9-10] was designed and 
implemented. 

The neural network (NN) structure includes three layers (input layer, hidden layer and output layer). 
The input layer includes two inputs nodes, the hidden layer a number of nhidden tansignoid nodes 
(nhiden∈[3;6]) and the output layer has one linear neuron. The values applied to the NN are the pairs of 
frequency (Fout) measured by the FX2 UFDC input channel and temperature Ti, for different values of 
the relative humidity RHi obtained in a test chamber. The NN output is the temperature compensated 
values of the relative humidity, RHNN. The NN weights and biases are obtained using a training set of 
normalized values of the imposed relative humidity values RH∈[10; 60]% and of temperatures T∈[10; 
60]°C. The temperature information is provided by the temperature transducer connected to the FX1 
FDC input channel. The NN was trained using the Levenberg-Marquardt algorithm [11]. 

After NN training and testing using a set of MATLAB Scripts as part of the LabVIEW software, the 
obtained weights and biases are saved in a NN file that is accessed during the on-line processing of the 
values obtained from the relative humidity and temperature measurement channels. The following 
relation is used to obtain the temperature compensated relative humidity: 

NN out
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                (7) 

where W1 W2, are the weights matrices for the hidden and output NN layer, respectively, and B1 and 
B2 represent the associated biases matrices. 

3. RESULTS 

A. GUI and Data Processing 

Figure 4 represents the GUI of the temperature and relative humidity measurement system. For each 
measured quantity, the time evolution is represented together with an on-line updated histogram of the 
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 Fig. 3. Gaussian curve fitting of measurement data (µ=41.39 %, σ=0.111 %) 



 

measured data. During the calibration phase, statistical data associated with the histogram results, 
represented in the lower part of the figure, is used to evaluate the required conversion accuracy for 
each measured quantity (An T Auto and An RH auto) as it is presented in the figure. In the manual 
accuracy mode the operator can set directly the conversion accuracy, using the accuracy dip-switch, 
without any calculation based on the statistical parameters of the calibration data (histogram 
procedure).  

Figure 5 represents the LabVIEW block diagram that is used to automatically select the measurement 
accuracy based on the statistical information provided by the calibration data set. The main blocks 
presented in the figure are represented by the neuronal network processing block that use the 
temperature and frequency information obtained from the RH sensor to perform the temperature 
compensation. A second block, included in the figure, is expressed by the UFDC accuracy evaluation 
based on the data associated with the RH histogram. The outputs of the block are the appropriate 
conversion accuracy (A=[1,6]) and the associated values of mean and standard deviation of 
measurement and calibration data. 

 

 

Fig. 5. Block diagram details of the accuracy auto-evaluation and RH temperature 
compensation modules 

 

Fig. 4. Front panel of the VI used to display temperature and relative humidity measurement results



 

B. Temperature Compensation of RH Measurements 

Referring to RH temperature compensation, Table 1 lists the main characteristics of the used neural 
processing scheme for a number of hidden layer neurons equal to six (nhidden=6). 

Table 1. NN for a two input – one output architecture 

NN 
Fields Name Comments Value 

Number of NN inputs The input variables are the sensors 
output voltages. 2 

Number of NN output The output variable is the 
temperature compensated RH NN  1 

Number of NN layers 
The number of NN layers includes 
the input, the hidden layers and 
the output layers. 

3 

NN training stop condition 
The NN training stop condition is 
expressed by sum square error 
goal (SSE) 

0.001 

NN hidden weights matrix 
The hidden weights are used to 
calculate the hidden neurons 
output values 

-2.3291e+001 
 2.8373e+001 

 -7.1435e+000 
  2.1219e+001 
 -2.4871e+001 
 1.0944e+001 

 

 
9.8551e-001 

  -7.4179e-001 
 1.0902e+000 

  -2.8467e-001 
 -3.7115e+000 
 -1.3378e+000 

 
 

NN hidden biases vector 
The hidden biases are used to 
calculate the hidden neurons 
output values 

2.3038e+001 
-2.6625e+001 
6.2684e+000 
-1.8759e+001 
2.5336e+001 
-9.6608e+000 

NN output weights transposed 
vector 

The hidden biases are used to 
calculate the NN output. 

4.1693e-001 
-1.4724e-001 
-1.0795e+000 
–4.9303e-001 
-5.7336e-003 
-6.3565e-001 

NN output biases The hidden biases are used to 
calculate the NN output. 6.6804e-001 

 

Using the uncompensated RH values, expressed by fout (RH transducer output frequency) and the 
temperature information obtained from the duty-cycle to temperature conversion block (based on the 
relation (3)), the temperature compensated RH measurements are obtained from the NN output. Figure 
6 represents the evolution of the relative humidity absolute error caused by temperature variation when 
RH varies within the [10, 60] % range (recommended by HF3223 data sheet). 
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 Fig. 6. The evolution of relative humidity absolute error (eRH ) versus temperature after neural 
network processing  

 

Comparing Fig. 6 with Fig. 1, one observes that NN processing reduces the relative humidity absolute 
error by about 7 times, which confirms that NN processing is a good solution in temperature effects 
compensation associated with RH measurement channel. 

 

C. Conversion Time and Accuracy 

Figure 7 represents the measurements results obtained when the temperature sensor (SMT 160-30) is 
submitted to a temperature equal to 22ºC. A laboratory oven, WTB Binder [12], was used to control 
the temperature. The main characteristics of the digital temperature controlled oven include a 
temperature range between 0-99.9ºC and a temperature fluctuation lower than 0.1ºC.  

 

In the case depicted in the previous figure it is enough to consider an accuracy equal to 1% (A=0) for 
the UFDC, since the uncertainty of the measurement data, defined for an interval equal to ±3σ, is 
almost equal to ±1.7%. 
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Fig. 7. VI temperature measurements for a temperature equal to 22ºC and measurement data set 
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Concerning the conversion rate, Fig. 8 represents the experimental results of acquisition plus 
conversion time for different accuracy numbers (A) selected in UFDC device, namely: A=6 (δ=0.01 
%), A=7 (δ=0.005 %), A=8 (δ=0.0025 %) and A=9 (δ=0.001 %). Time measurements were 
implemented using the “tick count timer” LabVIEW function whose accuracy is 1 ms. The default set 
of transmission parameters was used in the RS232 interface, namely: 2400 baud, 8 data bits, 1 stop bit 
and no parity error check. 

 

The graphical representation of the acquisition plus conversion time results, as a function of selected 
accuracy (accuracy number A), is compatible with the hyperbolic dependence between accuracy and 
conversion time, established by relationship (1). A decade increment in the accuracy, from 0.01% to 
0.001%, is associated with almost a five time increment in the acquisition plus conversion time, from 
200 ms to 1000 ms, respectively. 

During measurement phase, abnormal working conditions can also be detected from the histogram 
profile data [13]. Thus an alarm signal can be generated if the measured quantities are out of the 
expected measurement range. 

 

4. CONCLUSIONS 

This paper underlines some important issues related to the accuracy selection in FDC based 
measurement systems. Special attention is dedicated to calibration issues and self-adaptive 
measurement capabilities that can be used to select a suitable conversion accuracy for a given signal-
to-noise ratio. Based on calibration results or on-line historical measurement data, an appropriate 
accuracy of the FDC device can be selected, avoiding extra conversion delays that limit measurement 
system bandwidth. 
To illustrate the solution proposed, an RH temperature compensated measurement system was used. 
Referring the temperature dependence of the RH measurement channel, a NN processing block was 
designed and implemented using LabVIEW graphical programming language, and the RH 
measurement accuracy has increased substantially. 
Eliminating the need for ADCs devices, the proposed measurement system represents an accurate and 
cost effective solution by eliminating a large number of error sources associated with those conversion 
devices. 
Using multiple FDC devices or multiplexing techniques the proposed solution can be applied to a large 
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Fig. 8. Experimental results of acquisition plus conversion time for different accuracies 
numbers: A=6 (δ=0.01 %), A=7 (δ=0.005 %), A=8 (δ=0.0025 %) and A=9 (δ=0.001 %) 



 

number of applications where different influence quantities affect measurement accuracy. A typical 
example of these applications include environmental measurements where sensors (e.g. heavy metal 
sensors based on ion selective electrodes) typically exhibits large cross-sensitivity dependence. 
 

REFERENCES 

[1]   N. Kirianaki, S. Yurish, O.Shpak, “New Processing Methods for Microcontrollers Compatible Sensors 
with Frequency Output”, Proceedings of the 12th European Conference on Solid-State Transducers and 
the 9th UK Conference on Sensors and their Applications, Southampton, UK, 13-16 September 1998. 

[2]  N. Kirianaki, S. Yurish, N. Shpak, V. Deynega, “Data Acquisition and Signal Processing for Smart 
Sensors”, John Wiley and Sons LTD, 2002. 

[3]  Teresa Gomes, Sergey Yurish, “Smart Sensors and MEMS: Tutorials and Poster Abstracts”, Póvoa do 
Varzim, Portugal, September, 2003. 

[4]   International Frequency Sensors Association (IFSA), “Universal frequency-to-Digital Converter (UFDC-
1) – Specification and Application Note”, 2004.  

[5]  National Instruments, “LabVIEW 7.1”, 2004 (http://www.ni.com/labview). 
[6]   Smartec, “Smartec- Sensors Catalog“ (http://www.mmselectronics.co.uk/smt160-30.htm). 
[7]   Humirel, “Humidity Module-HF3223", Humirel Inc, 2001. 
[8]  Microchip COM, “Microcontroler Data Book” (http://www.microchip.com). 
[9]   J.M. Dias Pereira, P. Silva Girão, O. Postolache, “Fitting Transducer Characteristics to Measured Data”, 

IEEE Instrumentation & Measurement Magazine, Vol.4, No.4, pp. 26-39, December 2001. 
[10]  O. Postolache, P. Girão, M. Pereira, “Neural Network in Automatic Measurement System: State of Art 

and New Research Trends”, Proc. IEEE -  IJCNN'2001, Vol.3-4, pp. 2310-2315, Washington DC, EUA, 
July 2001. 

[11]  S. Haykin, "Neural Network - A Comprehensive Foundation", Prentice Hall International, USA, 1999. 
[12]  WTB Binder Labortechnic GmbH (http://www.binder-world.com/public/life-sciences-environmental-

testing.php). 
[13]   J.M. Dias Pereira, O. Postolache, P. Silva Girão, “Adaptive Self-Calibration Algorithm for Smart Sensors 

Linearization”, 22th IEEE Instrumentation and Measurement Technology Conference (IMTC’2005), 
Ottawa, Canada, May 2005. 

 

 

 

 

 

 

___________________ 

 

 

 

2005 Copyright ©, International Frequency Sensor Association (IFSA). All rights reserved. 

(http://www.sensorsportal.com)  


