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Abstract— This present paper describes the development of a
capacitance measurement system in the picofarad region. The
system uses an universal serial bus port-based arrangement in
conjunction with an indigenously developed Programmable Intel-
ligent Computer microcontroller-based frequency synthesizer-
vector voltmeter that can be used to measure the voltage in vector
form and the capacitance can be determined using circuit solution
technique. An intelligent two-layered, hierarchical reinforcement-
based instrumentation scheme is proposed that can be integrated
along with the original measurements to significantly improve the
system performance. In layer 1, an extreme learning machine-
based supervised phase reinforcement scheme is employed to
improve the accuracy of the voltage measurement. Subsequently,
in layer 2, local polynomial-based reinforcements are employed
to improve both the resistive and reactive part measurements
in the unknown capacitance. Three variants of ELM-based
reinforcements are implemented for capacitance measurements
in the range 100–10 000 pF and the utility of the hybrid ELM-
polynomial-based reinforcements for such measurements is aptly
demonstrated.

Index Terms— Capacitance measurement, extreme learning
machine (ELM), frequency synthesizer-vector voltmeter (FSVV),
polynomial.

I. INTRODUCTION

CAPACITIVE sensors are considered as an important
category of sensing systems for many engineering appli-

cations. Among the different varieties of capacitive sensors,
many instrumentation systems require sophisticated arrange-
ments for measurement of low valued capacitance in the
picofarad range [1], [2]. Capacitive transducers usually have
diverse fields of measurements like pressure, force, accelera-
tion, torque, position, etc. [1]–[4]. For low-valued capacitance
measurement, the presence of stray capacitances [1], between
the capacitor electrodes and the protective, shielding screens,
become comparable with the original capacitances under mea-
surement. Similarly, the lead capacitances too become compa-
rable with the unknown. The other sources of errors are drift
and offset errors, ambient temperature errors, maintenance
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of satisfactory level of sensitivity, range of frequency of
operation, cost of development, etc. Some popular capacitance
measurement methods include ac bridges [21], charge or
discharge methods, relaxation-based method [5], oscillation
and resonance-based methods [1], [6], etc. However, most of
them are not that effective for measurement of low-valued
capacitances as they cannot nullify errors arising because of
electronic circuits and circuit layouts and drift and offset
errors. This acted as an inspiration to develop an accurate
instrumentation system for low-valued capacitance measure-
ment which can minimize these effects, especially in the power
frequency range.

In this paper, we propose a novel scheme for measurement
of low-valued capacitances. This PC-based arrangement com-
prises a PIC microcontroller-based hardware system that per-
forms real-time communication with the PC through universal
serial bus (USB) port. Development of small, portable instru-
mentation systems employing microcontrollers has become
a potent area of research in recent times [7]–[14]. For our
system, a graphical user interface (GUI) developed in the
PC side aids the end-user for easy accomplishment of the
objective. The capacitance measurement is carried out using
a frequency synthesizer-vector voltmeter (FSVV) instrument,
indigenously developed in our laboratory, which can perform
variable-amplitude-variable-frequency synthesis of sinusoidal
voltage and also measure voltage drops, in vector form
[7]–[9]. This instrument is developed using software-based
look up tables (LUTs), and the vector voltmeter is developed
utilizing the concept of synchronous detection [10], [15].
This FSVV is used here to measure an unknown capacitance
utilizing circuit solution technique.

This paper also proposes a novel concept of using an
intelligent two-layered, hierarchical reinforcement scheme that
can be coupled with the original measurement system to
further enhance performance in measuring capacitance. The
arrangement uses a hybrid combination of extreme learning
machine (ELM)-based approach and polynomial reinforce-
ments in a sequential fashion. In layer 1, ELM provides
intelligent phase reinforcements for voltage measurements.
This is followed by local polynomial-based reinforcements
in layer 2, used to improve both the magnitude and phase
measurements of the unknown capacitance. The ELMs are
contemporary learning methods, developed for single-hidden
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Fig. 1. (a) Schematic diagram of the USB-port-based capacitance measure-
ment system employing FSVV and (b) input circuit of the system.

layer feedforward networks (SLFNs) with reduced training
burden [16]–[18], and they have been shown to outperform
the likes of traditional neural networks and support vec-
tor machines in many applications. Our system has been
successfully implemented for real measurement of capaci-
tances in the range 100–10 000 pF. The performances of the
proposed system is compared vis-à-vis a similar measurement
system developed using backpropagation neural networks and
the higher effectiveness of the hybrid ELM-polynomial-based
reinforcements has been aptly demonstrated.

The rest of the manuscript is organized as follows. Section II
describes the PIC microcontroller-based capacitance measure-
ment system developed using FSVV. Section III describes, in
detail, how ELM and polynomial-based reinforcements can be
employed in conjunction with FSVV to measure capacitance.
Section IV presents the performance evaluation. Conclusions
are presented in Section V.

II. MICROCONTROLLER-BASED CAPACITANCE

MEASUREMENT EMPLOYING FSVV TECHNIQUE

An USB-port-based capacitance measurement system is
indigenously developed in our laboratory. This system uses
a sub module of a microcontroller-based FSVV system, also
indigenously developed in our laboratory [7]–[9]. Fig. 1(a)
shows the diagram where the unknown impedance Z can be
computed based on a resistive or capacitive voltage divider
which utilizes the measured voltage, in vector form, across Z .
Fig. 1(b) shows the input circuit of the system. This FSVV
system can measure a voltage in polar or co-ordinate form by
measuring the complex voltage ratio of two same frequency
sinusoids. The present version of the FSVV developed is more
flexible than the previous version [7]–[9], where if you needed
to modify some functionality of the instrument, you had to
make modifications offline, cross-compile those modifications
and reload it in the PIC microcontroller system. This new
FSVV module also employs an 18F2550 PIC microcon-
troller [19] but most of its algorithmic and functional modules

Fig. 2. USB-port-based FSVV module.

can be executed from a PC or laptop that communicates with
the physical system through an USB link, greatly equipping
the system with the flexibility of keeping all programming
functionalities in the PC side.

In Fig. 1(b), the input circuit comprises a programmable
gain amplifier (PGA) (MCP 6S21) and a low-power, high-
precision voltage reference (MCP 1525) providing an out-
put precisely of 2.5 V. The input signal is bipolar in
nature (−2.5 to 2.5 V) whereas the PGA input is unipolar
(0–5.0 V). Hence, level shifting is carried out with one series
dc blocking capacitor (1 μF) and a biasing resistor (100 M�)
biased at 2.5 V. The input impedance of the PGA is 1013 �
with a parallel capacitance of 15 pF, which produces an
effective input resistance of approximately 100 M�. These
two parameter values are properly used for accurate estimation
of the unknown capacitive impedance.

Fig. 2 shows the FSVV module implemented in this paper
with USB-port-based communication capability. In addition to
the PGA and MCP 1525, the main components include: 1) an
18F2550 high-speed PIC microcontroller; 2) two OP 07 op
amps; 3) a 12-bit ADC (MCP 3201); 4) a dual 12-bit DAC
(MCP 4922); 5) a Max 232 IC; 6) an USB B connector;
7) a 20 MHz externally connected quartz crystal; and
8) an LED. The gain of the PGA can be varied as
1/2/4/8/16, using an SPI serial interface from the CPU.
This enables the system to provide high-quality perfor-
mance with large variations in signal magnitudes. The MAX
232 IC is popularly employed for conversion of signals
from an RS-232 serial port to a form convenient for
use in transistor-transistor logic-compatible digital logic cir-
cuits. MAX 232 has two internal charge-pumps that convert
+5 to ±10 V (unloaded) for RS-232C driver operation.
However, the present setup is energized from USB port where
the available supply voltage is +5 V only and there is no provi-
sion for −5 V supply. Hence, here MAX 232 is not utilized as
an RS-232C driver but used to supply −5 V (loaded) for acti-
vating negative bus voltage of OP 07 operational amplifiers,
as these amplifiers are used to generate bipolar outputs. The
10-bit resolution of the internal ADC along with the 18F2550
PIC microcontroller is further enhanced by externally connect-
ing the MCP 3201 12-bit successive approximation type ADC.
The MCP 4922 employed is a dual channel 12-bit resolution
DAC which is a high-accuracy, low-power device that uses an
external voltage reference.

The FSVV performs signal generation employing direct
digital synthesis (DDS) strategy, the details of which are
available in [7]. For the vector voltmeter part of the FSVV,
it uses synchronous detection strategy, to extract the in phase
rms component (I ) and the quadrature rms component (Q)
of the fundamental component of a signal x(t) which has
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Fig. 3. Actual USB-port-based capacitance measurement system developed.

Fig. 4. GUI interface developed for the capacitance measurement system.

several harmonic components and is heavily contaminated
with noise n(t). Thus, the scheme uses a reference signal
r(t), a pure sinusoid of the fundamental frequency (ω) of
x(t), where the noise n(t) is assumed to be uncorrelated
with r(t) [9], [15]. In our developed system, the frequency
synthesizer produces the reference signal, r(t) = sin ωt , which
is expected to make our system free of the possibility of any
phase jitter which may had arisen if we had chosen external
reference generation modules, for example, those involving
phase-locked loop. Fig. 3 shows the actual USB-port-based
capacitance measurement system developed and Fig. 4 shows
the GUI interface developed in the PC side for real-time,
online measurements.

The frequency range of operation is 10–100 Hz, with a
resolution of 1 Hz. The reference signals sin ωt and cos ωt ,
required for extraction of the in-phase and quadrature com-
ponents, are stored in two lookup tables, each comprising
32 points or samples per period. A timer interrupt routine
performs signal generation and detection. An automatic gain
control routine is provided to cope with low-amplitude signals.
The input resistance of 100 M� and the input capacitance of
15 pF, in parallel with the input resistance, create a possible
source of error which has been deterministically compensated.
Other possible sources of errors can be: 1) ADC quantization
error; 2) variable latency of processor interrupt routine func-
tions owing to USB interface operations; and 3) amplitude-
dependent stochastic phase shift introduced by the operation
of the output op-amp (OP07), because of its finite bandwidth,

Algorithm 1 ELM Algorithm in Training Phase

etc. The presence of such ill-factors may cause significant
inaccuracies in the final measurements carried out.

III. EXTREME LEARNING MACHINES AND POLYNOMIALS

IN CONJUNCTION WITH FSVV

A. Theory of ELM

Extreme learning machines (ELMs) are a relatively newer
variant of computational intelligence techniques in the gener of
neural networks (NNs) and support vector machines (SVMs)
[16]–[18]. This is an improved learning technique for gen-
eralized single hidden layer feedforward networks (SLFNs)
which offers a relatively lesser training computational burden.
ELM employs a fixed set of weights and biases between the
input layer and the hidden layer and the parameter learning
methodologies are only applied for the weights and biases
employed between the hidden layer and the output layer.
Algorithm 1 shows the basic philosophy of employing ELM
algorithm in training phase. We assume that there are N
training samples involving inputs xi and target outputs ti

as (xi , ti ) ∈ R p × Rq . The hidden layer activation function
is denoted as G(•) ≡ G(ai , bi , x j ) where G represents the
output of the i th hidden layer neuron for an input x j . Then
the hidden layer output matrix H is given as

H=

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

G(a1, b1, x1) · · · . G(ak, bk, x1) · · · . G(aR, bR, x1)
. . . . . . .
. . . . . . .

G(a1, b1, x j) . . G(ak, bk, x j) . . G(aR, bR, x j)
. . . . . . .
. . . . . . .

G(a1, b1, xN) . . G(ak, bK , xN) . . G(aR, bR, xN)

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦

N×R.

(1)

The output from the output layer of ELM for input x j is

y jm =
R∑

k=1

hk(x j )βk =
R∑

k=1

G(ak, bk, x j )βkm = h(x j)
T βm (2)

y jm is the output from the mth node of the output layer for
input x j , h(x j ) is the array of the outputs from the hidden layer
of SLFN for input x j , and βm is the weight array connecting
the output node m with the hidden layer nodes. They are



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

4 IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT

given as

h(x j ) = [G(a1, b1, x j ) · · · G(ak, bk, x j ) · · · G(aR, bR, x j )]T

(3)

βm = [β1m · · ·βkm · · · βRm]T . (4)

Then the overall output of the ELM is given as

Y = Hβ (5)

where H is given before, β is the output layer weight matrix,
and Y is the ELM output matrix corresponding to ELM input
matrix X. They are given as

β = {βi j }, i = 1, 2, . . . , R; j = 1, 2, . . . , q (6)

Y = {yi j }, i = 1, 2, . . . , N; j = 1, 2, . . . , q. (7)

The target output data matrix T is given as

T = {ti j }, i = 1, 2, . . . , N; j = 1, 2, . . . , q. (8)

Then the training objective of ELM is to obtain a smallest
norm least-square solution for the weight matrix β̂ such that
both the training error and the norms of the weight matrix are
minimized [16], [17], given as

Minimize : ||Y − T||2 and ‖β‖ (9)

or

Minimize : ||Hβ − T||2 and ‖β‖. (10)

This solution of β̂ is given as [18]

β̂ = H+T (11)

where H+ gives the Moore–Penrose generalized inverse of
matrix H. This basic version of ELM is denoted as ELM1
algorithm in this paper.

One of the popular methods of calculating H+ is to
employ orthogonal projection method. This produces the
Moore–Penrose generalized inverse as [16], [20]

H+ = (
HT H

)−1HT, if HT H is nonsingular

H+ = HT (
HHT )−1

, if HHT is nonsingular. (12)

It has been proven that an addition of a positive value
to the diagonal of HT H or HHT produces a more stable
solution, a faster method, and possibly a more generalization in
performance [18]. This conclusion was based on the backdrop
of ridge regression theory [18]. This produced two more
sophisticated variations of ELM, where β̂ can be calculated
as

β̂ =
(

I

C
+ HT H

)−1

HT T (13)

or

β̂ = HT
(

I

C
+ HHT

)−1

T . (14)

Here C is called a regularization factor that can be set
depending on the problem in hand. The variation of ELM
employing β̂ in (13) is named as ELM2 algorithm and
employing β̂ in (14) is named as ELM3 algorithm in this
paper.

B. ELM-Based Reinforcement for FSVV in Layer 1

Let the voltage measured using FSVV be denoted as
VZ (meas) = Vmr exp( j Vpr) and the true voltage be given as:
VZ (true) = Vmt exp( j Vpt). In our system, we have calculated
each VZ (true) using the ideal circuit solution methodology
where a voltage source supplies an R–C series circuit and
we can calculate the voltage developed across R (i.e., VR) or
across C (i.e., Vc) accordingly. One of our main objectives
in this paper was to propose a low-cost instrumentation
system. Hence, if the ELM-polynomial-based compensation
system used in our paper can provide satisfactory improvement
in measurement performance, based on input-output dataset
prepared using our adopted philosophy of calculating
VZ (true), then it can also be reasonably expected that such an
ELM-polynomial-based compensation system can also be suit-
ably trained if the true data for VZ (true) were actually acquired
using a highly sophisticated impedance measuring device.
A series of practical experimentations demonstrated that the
overall performance in magnitude measurement was quite
satisfactory, being always less than 1%, but the overall perfor-
mance in phase measurement was not quite. Hence the need
was felt to employ some computational intelligence-based
techniques to supplement the actual phase measurement so that
the accuracy of the measurement can be improved. Hence, for
this purpose, ELM-based reinforcements are employed. The
system is employed to make measurements at four different
gains (G), that is, G = 1, 2, and 4. For each G, three
separate ELM-based voltage reinforcements, that is, using
ELM1, ELM2, and ELM3 are developed. The ELMi at gain
G = k is denoted as ELMik . Then each such ELM produces
a voltage output as VZ (reinforced) = Vmrf exp( j Vprf) where

Vprf = Vpr + �Vprf (15)

�Vprf = fELMi (freq, Vmr, Vpr) (16)

Vmrf = Vmr. (17)

Then, for each gain G = k, each ELMi -based voltage
reinforcement can be trained in offline mode as

�Vprf = fELMik (freq, Vmr, Vpr). (18)

C. Polynomial-Based Reinforcement for Capacitance
Measurement in Layer 2

Next, the actual capacitance measurement using circuit solu-
tion method is carried out based on these reinforced voltage
calculations. Again, a series of extensive experimentations
were carried out from which it could be concluded that both
magnitude and phase portions of the unknown Z required
separate reinforcements to achieve desired accuracy in mea-
surement. With these experiences, we propose to use a hierar-
chical concept of reinforcements where, in level 1, we employ
ELM-based reinforcements for voltage measurements in vector
form and, in level 2, we employ polynomial-based reinforce-
ments for impedance measurements in vector form. In level 2
also, for each individual gain G, separate polynomial-based
impedance reinforcement is developed, denoted as POLYik ,
that is, Z reinforcement using polynomial, in conjunction with
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Fig. 5. Complete capacitance measurement system, in schematic form.

ELMi in level 1, at gain G = k. Then each POLYi reinforced
impedance is computed as Z(reinforced) = Zmrf exp( j Zprf)
where

Zmrf = Zmr + �Zmrf (19)

Zprf = Zpr + �Zprf (20)

(�Zmrf ,�Zprf) = fPOLYi (freq, Zmr, Zpr) (21)

where Zmr and Zpr is the magnitude and phase of the unknown
impedance measured without any reinforcement in impedance
measurement, but using reinforced voltages as input, obtained
from the respective ELMi -based voltage reinforcement at
gain k, whichever is applicable. Hence, each POLYi -based
impedance reinforcement in level 2, for a given gain k, can be
trained in offline mode, similar to the corresponding voltage
reinforcements in level 1, given as

(�Zmrf,�Zprf) = fPOLYik (freq, Zmr, Zpr). (22)

The selection of a suitable gain k is carried out based
on an automatic gain selector module. Then, in level 2,
each impedance measurement scheme is supplemented by an
appropriate, corresponding individual POLYi reinforcement
for impedance measurement, at the selected gain k. Fig. 5
shows the flowchart of operation for the complete capacitance
measurement system. Algorithm 2 shows how the automatic

Algorithm 2 Automatic Amplifier Gain Selection or Control
Module

TABLE I

QUANTITATIVE PERFORMANCES OF REINFORCEMENT

SCHEMES FOR G = 1

amplifier gain selector module iteratively determines the suit-
able gain for a particular unknown capacitance.

IV. PERFORMANCE EVALUATION

The system has been implemented in real life for capac-
itances in the range 100–10 000 pF. At first, each ELMik is
trained offline using a large-size dataset, created using voltages
measured for known series R–C combinations, in each of
the four quadrants. Similarly, each POLYik is determined on
the basis of actual measurement data acquired for a series of
known capacitances measured. Then each ELMik and POLYik

are implemented in the real system for measurements of
unknown capacitances.

Fig. 6 shows a comparison of performances for G = 1,
at four sample frequencies of 30, 50, 70, and 90 Hz, among
the three systems developed using ELM1, ELM2, and ELM3
in level 1, in conjunction with respective polynomial-based
reinforcements in level 2. Their performances are also
compared with a similar hybrid reinforcement scheme
developed using backpropagation neural networks (BPNN),
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Fig. 6. Real capacitance measurement performance comparisons at gain 1,
at sample frequencies. (a) 30, (b) 50, (c) 70, and (d) 90 Hz for schemes
employing hybrid BPNN-polynomial, hybrid ELM1-polynomial, hybrid
ELM2-polynomial, and hybrid ELM3-polynomial-based reinforcements.

used in level 1, in conjunction with polynomials used in
level 2. Table I shows the performance comparisons of
these hybrid reinforcement schemes quantitatively, using the

Fig. 7. Capacitance measurement error comparisons, at gain 1, at 50 Hz,
between schemes employing either no-compensation in level 2 or polynomial-
based compensation in level 2 with (a) ELM1-based, (b) ELM2-based, and
(c) ELM3-based reinforcements in level 1.

popular performance indices of average, maximum, and stan-
dard deviation in absolute percentage capacitance measure-
ment error in %. From these graphical and quantitative rep-
resentations of errors, it can be concluded that all variants of
ELM could successfully outperform the BPNN-based variant.
ELM3-polynomial-based reinforcement emerged as the win-
ning solution, as it could provide best performance in terms
of all three performance indices.

The utility of employing polynomial-based reinforcement in
level 2 is also aptly demonstrated by comparing the respective
system performances when the capacitance measurement is
carried out using ELMi variant-based reinforcement in level 1,
with no reinforcement in level 2, vis-a-vis the correspond-
ing hybrid ELMi -polynomial-based reinforcement scheme
employed for identical capacitance measurements. Fig. 7
shows these sample performances for the sample frequency
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TABLE II

QUANTITATIVE PERFORMANCES OF REINFORCEMENT SCHEMES FOR G = 2 AND 4

of 50 Hz. It can be seen that the performance of each ELM-
based scheme significantly improved with the incorporation
of the polynomial-based reinforcement in level 2. To test
wider applicability of the proposed system, we also performed
similar series of experiments additionally for gains 2 and 4.
Table II shows those quantitative performance comparisons.
A comprehensive analysis of the performance indices reported
in Tables I and II clearly demonstrates that the ELM3-based
solution emerged, in no uncertain terms, as the best solution
among the four competing algorithms. It can also be seen that
the performance variations with variation in gain are observed
to be the least for the ELM3-based solution.

Some of the other competing, state-of-the-art methods and
arrangements proposed for low valued capacitance measure-
ments are available in [22]–[27]. The systems developed in
[22], [23], and [25] are only applicable for a narrow range
of low capacitance values. The system developed in [24] is
much more expensive compared with our system. The worst
capacitance measurement error (8.85%) reported in [27], is
higher than that of our system (6.6%). Hence, a comparison
of our method with these methods aptly demonstrates the
usefulness of our developed system.

V. CONCLUSION

A scheme of low-valued capacitance measurement, in pico-
farad region, is described in this paper that proposes utilization
of hierarchical, hybrid reinforcement modules along with a
frequency synthesizer-vector voltmeter and uses circuit solu-
tion technique. The scheme employs a two-layer arrangement,
where in layer 1, an ELM-based solution is used to reinforce
phase measurement in the unknown voltage. This is followed
by polynomial-based reinforcements employed in layer 2 to
improve both the magnitude and phase measurements in the
unknown capacitance. The capacitance measurement range
has been chosen as 100–10 000 pF. It has been conclusively
proven that ELM3-based solution emerged as the overall best
performer. Our system comprises: 1) an FSVV submodule 1
to calculate the voltage across the impedance and 2) a circuit
solution-based methodology to measure the impedance in

submodule 2, utilizing the voltage measured in submodule 1.
There can be several ill-factors that may corrupt measure-
ments at each of these submodules. Hence, the hierarchical
architecture has been proposed instead of a single layer-based
compensation scheme.

There can be two basic approaches for achieving compensa-
tion in such measurement systems. It can employ the classical
uncertainty-based approach, where one analytically determines
the error or uncertainty introduced in the measurements by the
ill factors, for example, the effect of stray capacitance, tem-
perature effect, etc., in the system, develops analytical models
of those uncertainties, and then utilizes them to perform
compensation. Our approach belongs to the second category,
called the data-driven approach, where one adopts a black-box
kind of methodology for the ill factors and experimentally
creates a database for the system comprising the true and
actual performances and the errors associated. This modern
approach essentially utilizes a computational intelligence-
based algorithm that attempts to learn a mathematical model
based on this database and computes the compensation nec-
essary in the output quantity. There is no need to find out the
amount of uncertainty introduced by each ill factor and then
compensate them. The results obtained with our system justify
the relevance of implementing such a data-driven, external
compensation module. This compensation module has to be
trained offline first and then implemented online. Ideally, this
training should be a one-time procedure and the computational
cost involved for the training will be negligible compared with
that in actual measurements. However, in practice, the system
may require periodic recalibrations, for reliable performance
over a long period of time.

The proposed measurement system has been developed
keeping power frequency applications in mind and popular
applications include measurement of capacitances of electrical
power cables or insulation characterization of transformers.
In this paper, our system has shown effective performance in
compensating inaccuracies of the associated electronic circuits.
The future research will concentrate on developing robust
versions to perform, for example, capacitance measurement
with ambient temperature compensation.
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