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Abstract

Purpose: Our aim was to apply multiple discrete wavelet transformation (DWT) types to healthy light-adapted (cone) electroretinogram 

(ERG) signals in order to optimize DWT analysy in ERG. Oscillatory potentials (OP) were individually extracted from the signals and used 

to calculate an indicator for ERG analysis.

Methods: Light-adapted (LA) 3.0 cd.s/m2 ISCEV standard ERGs were recorded from both eyes of 15 healthy volunteers (mean age: 

36.9 ± 13.0 years old; 13 females). LA ERG signal components, such as b-wave and OPs, were analyzed using the discrete wavelet 

transformation (DWT). An index (%OPi) was proposed to estimate the individual oscillatory potentials (OP1-OP5) by calculating the 

coefficient ratio of the OP to b-wave. Multiple mother wavelet functions (i.e., Daubechies, Symlet, and Coiflet) with five orders were 

applied and compared statistically using Wilcoxon tests and paired t-test comparisons with Bonferroni posthoc analyses (p < 0.005). 

Results: OP4 shows the most energy at both low and high-frequency bands (80Hz and 160Hz), while OP2 has lower energy at the low-

frequency band (80Hz) and higher energy at the high-frequency band (160Hz). The %OP2 is the largest among the five individual OPs. 

%OPs obtained with different wavelet functions differ from each other. Db2 and sym2 seem to be the optimal wavelets for analyzing 

light-adapted ERG components.

Conclusion: Individual OPs of the light-adapted ERG obtained with the DWT analysis may characterize different levels of retinal 

dysfunction. The %OPi may serve as an indicator in ERG analysis.

Keywords

electroretinogram, oscillatory potentials, discrete wavelet transformation, mother wavelet function

1 Introduction
Electroretinography (ERG) is a widely used clinical and 
research technique to characterize retinal functions and 
corresponding diseases  [1, 2]. The clinical ERG signal is 
a summed light-evoked response of activated retinal cells, 
and it is comprised with few components, such as a-wave, 
b-wave, oscillatory potentials  (OPs), i-wave, and PhNR, 
according to the ISCEV (International Society for Clinical 
Electrophysiology of Vision) standards  [3]. Oscillatory 
potentials (OPs) , which are five small peaks (OP1 – OP5) 
on the rise of the b-wave, may reflect the inner retinal lay-
ers [4–6] and the specific layer is still under study. Generally, 
the OPs is hardly detected and measured in the full sig-
nal waveform using time domain analysis. Therefore, the 

ISCEV standard describe the frequency analysis method for 
the OPs under dark-adapted condition [3], however, there is 
no any method for the light-adapted (LA) OPs.

We have recently applied Fast Fourier Transform (FFT) 
with low cutoff frequencies (60Hz – 100Hz) to filter and 
analyze individual OPs, primarily OP2, OP3, and  OP4, 
of the dark- and light-adapted healthy human full-field 
ERGs  [7]. In that study we demonstrated a significant 
impact of the cutoff frequency of the digital filter on the 
amplitudes of the light-adapted OPs but no significant effect 
on the peak times. Moreover, the FFT spectrum contains 
a frequency range in which b-wave and OPs may overlap 
and are indistinguishable without temporal information. 
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The clinical implication is that light-adapted b-wave may 
be affected by OP alterations and vice-versa. Nevertheless, 
the data showed that it is difficult to isolate OPs from the 
light-adapted ERG using FFT. Hence, signal analysis, such 
as wavelet transformation, considering both the time and 
the frequency information (continuous wavelet transfor-
mation (CWT)  /  discrete wavelet transformation (DWT)) 
may be clinically relevant to evaluate light-adapted ERG 
signals. These methods are widely used to analyze non-sta-
tionary and time-limited signals [8], such as EEG [9–11], 
ECG [12, 13], and also applied in ERG analysis [14, 15].

In the past 20 years, a few studies reported the bene-
fits of DWT [16–19] and the CWT [20–24] to analyze ERG 
signals. Varadharajan et al. [16] in 2000 first applied the 
time-frequency domain analysis to differentiate ERG sig-
nals of Duchenne muscular dystrophy patients from con-
trol ERGs at two different frequency bands. More recently, 
Barraco et al. [20, 25] applied the CWT to analyze the ERG 
a-wave from controls and patients with achromatopsia. 
Dimopoulos et al. [26] investigated the effects of aging on 
inner retinal function by analyzing ERGs with CWT. The 
authors found that the amplitudes of the light-adapted OPs 
at high frequency (>120 Hz) were age-independent between 
20 and 60 years or more. Gauvin et al. assessed the contribu-
tion of the OPs to the LA ERGs using DWT and considered 
OPs as a unique component when analyzing them [27]. To the 
best of our knowledge, there is no report concerning individ-
ual OPs (five peaks) contributing to the light-adapted ERG 
using time-frequency domain analysis. The purpose of the 
present study was to analyze individual light-adapted ERG 
OPs in the time-frequency domain using DWT in controls. 
In addition, the effects of the mother wavelet functions on 
the evaluation of individual OPs were investigated in order 
to find the most efficient wavelet type for ERG analysis.

2 Methods
2.1 Participants and ERG examination
Participants were 15  healthy volunteers with mean 
age  =  36.9  ±  13.0  years old (13  females). The  ERG sig-
nals were recorded from both eyes simultaneously using 
the RETiport system  (Roland Consult, Brandenburg, 
Germany) equipped with the Q450 SC Ganzfeld stimulator. 
Pupils were dilated with tropicamide 1%, an active ERG jet 
electrode was placed on the corneal surface, and ground 
and reference skin electrodes were placed on the external 
canthi and forehead. The complete ISCEV standard full-
field ERG protocol was applied  [3]. However, only the 
light-adapted flash responses were analyzed in this study. 

Light-adapted flash intensity was 3.0 cd.s/m2 delivered on 
a 30 cd/m2 rod-saturating background after 10 minutes of 
light adaptation. ERG signals were 512 points in 150 ms, 
including a 16 ms pre-stimulus period. The experiment was 
performed in accordance with the declaration of Helsinki 
and approved by the institutional ethics committee. All 
participants signed consent before the tests after explain-
ing the nature and possible consequences of the study.

2.2 Discrete wavelet analysis
The limitation of the Fourier transformation analysis is 
that the spectrum contains only frequency information 
after transforming the signal, but the electrophysiological 
signals are transitory, and their frequency contents change 
over time. Hence, temporal information is as important 
as frequency when analyzing it. The wavelet transform 
is an advanced signal analysis method in non-station-
ary signals, such as electrophysiological signals, display-
ing time-frequency representation. The wavelet trans-
form decomposes signals into a set of basis functions by 
scaling(compressing or stretching) and shifting a mother 
wavelet (i.e., window function), which is a finite-length, 
oscillating, zero-mean waveform [28]. Analysis of a time 
series by DWT requires a set of functions obtained from 
the mother wavelet (φ (t)), which is expressed as:
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Where j is scale parameter, which is related to the fre-
quency band and adapts the width of the mother wave-
let (φ) to the required resolution; and k is shift parameters, 
which is related to the temporal position of the window 
and used to localize the analyzed signal. 2 j/2 is the normal-
ization factor that ensures the same energy for the whole 
"j" and "k" [24]. When a mother wavelet is given, DWT of 
a signal x(t) is expressed by the convolution of x(t) with the 
complex conjugate of φ(t), given by the Eq. (2):

C j k x t t t
k

x t dtj k j

j

j, ,
,� � � � � � � � �

�
�

�

�
�

�

�
� � �

��

�

�� �
1

2

2

2
	 (2)

Where C is the transform coefficient, functioning with the 
scale j (deciding the oscillatory frequency and the length 
of the wavelet) and shift factor k (determining its shifting 
position). In Eq. (2), the main factor is the mother wavelet 
which contains several characters  [28] (i.e.,  orthogonal-
ity, compact support, symmetry, and vanishing moment). 
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Different types of mother wavelets may result differently 
when applied to the same signal, because when appling 
the wavelet transformation, small windows capture low 
frequency resolution content and provide good tempo-
ral localization, while large windows capture low tem-
poral resolution along with good frequency resolution. 
Therefore, the selection of a suitable mother wavelet is cru-
cial. In this study, we selected the simplest mother wave-
let, which is Haar wavelet, and three orthogonal mother 
wavelet types, such as Daubechies, Symlets, and Coiflet, 
to analyze light-adapted ERGs and to recommend refer-
ences for the selection of the mother wavelet. 

The DWTs of ERG signals were performed with a 
self-developed code in Matlab (Mathworks, Natick, MA, 
USA), and the DWT scalograms to display the time-fre-
quency information were plotted using the absolute coeffi-
cient values. Before DWT computation, each response was 
padded to 1024 points by repeating the first and last values 
on both sides of the signal to reduce edge effects [29]. 

2.3 Individual oscillatory potentials
Mean control ERG signal (Fig.  1(a), blue plot) with fil-
tered OPs (Fig. 1(a), orange plot) and corresponding DWT 
scalogram (Fig. 1(b)) with eight levels (i.e., eight frequency 
bands) are shown in Fig.  1 to explain individual oscilla-
tory potentials (OPs) definition in the time-frequency 

domain. The OPs were filtered with the cutoff frequency of 
160Hz – 300Hz (orange plot in Fig. 1(a)) and showed five 
main peaks (i.e., OP1 – OP5) in the time domain. In  the 
frequency domain the ERG b-wave is low frequency dom-
inated while OPs are found primarily at higher frequency. 
According to the previous work of Gauvin [30], two low-fre-
quency bands centered at 20 Hz (L-b) and 40 Hz (H-b) rep-
resenting the b-wave and two high-frequency bands cen-
tered at 80 Hz (L-OPs) and 160 Hz (H-OPs) representing 
the OPs were quantified in the DWT scalogram. According 
to the wavelet transformation theory, each frequency 
band's time resolution is different, and it's higher at high 
frequency bands and lower at low-frequency bands.

Moreover, our previous work [7] showed that the control 
OP4 coincides with the b-wave in time, and the peak times of 
other individual OPs were relatively constant when the cut-
off frequency increased. The temporal resolution at 160 Hz 
band coincides with the peak time of OPs (OP1 – OP5) as 
shown in Fig. 1(a) and Fig. 1(b). These five individual OPs 
are indicated by the columns (1–5) in Fig. 1(b). Four fre-
quency bands of interest representing the b-wave and OPs 
are divided into 20 time-frequency bins, DWT coefficients 
of each bin shown in scale (maximal values are shown in 
red and minimum values are shown in blue). The coeffi-
cient ratio of the individual OP to the b-wave was calcu-
lated based on the Eq. (3)
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Where i is the OP in the ith range, H-OP, L-OP, H-b, and 
L-b are the DWT coefficients in each corresponding bin.

2.4 Mother wavelet selection
The criteria for selecting the optimal wavelet in this 
study was performed by claculating the ratio of energy to 
Shannon entropy [31, 32] as shown in Eq. (4). 

ratio
Energy

Shannon entropy
= 	 (4)

where the energy was the sum of all the wavelet coef-
ficients squared of the selected bins for each wavelet. 
Shannon entropy was calculated by the plug-in estima-
tor [33], which is a technique to estimate the entropy, for 
all the coefficients over 20 bins as shown in Eq. (5).

H p p
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Fig. 1 Mean control ERG signal and filtered OPs in the time domain 
are shown in (a). The DWT scalogram is shown in (b), which displays 
the central frequency of each band (y-axis), time information (x-axis) 
same as the signal time, and the coefficient magnitude (right scale) 
of each time-frequency bin (maximal values are shown in red and 

minimum values are shown in blue). B-wave and OPs are represented in 
two horizontal frequency bands (L-b and H-b) and (L-OP and H-OP), 
respectively, and five individual OPs are indicated in the columns 1–5.
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where H is the Shannon entropy for the k bins, and pk is the 
possibility of the kth bins calculated by dividing the coefficient 
of kth bin by the summed coefficients of all bins (20 bins). 
The lower Shannon entropy indicates the less uncertainty 
and higher energy indicates more suitable for the transfor-
mation. Hence, the higher ratio indicates the better wavelets.

2.5 Statistical analysis
Data are expressed as mean ± standard deviation of the 
mean. The effects of mother wavelet function on %OPs 
were evaluated using Wilcoxon tests and paired t-test 
comparisons with Bonferroni post-hoc analyses (SPSS, 
Statistical Package for the Social Sciences, Hong Kong, 
China), multiple comparisons corrected p values <0.0005 
were considered statistically significant. 

3 Results
3.1 Individual oscillatory potential analysis with Haar 
wavelet function
Fig. 2 shows the analysis of the control ERG using Haar 
wavelet as the mother wavelet function when apply-
ing the discrete wavelet transformation (DWT). Four 

representative subject signals (Fig.  2(a)) selected from 
the individual control ERG signals (Fig. 2(b)) of the mean 
b-wave amplitude of 214  ±  44.6 uV and peak time of 
29.6 ± 1.2 ms are shown. The corresponding scalograms 
are shown under the signal. The coefficients of each bin 
are shown in the colormap, where the maximal values are 
limited to 500 (colored in red) for the purpose of compar-
ison. The white rectangles indicate the region of interest 
(i.e., H/L-OP/b frequency bands in 1–5 intervals).

Fig.  2(c) illustrates DWT's mean individual oscillatory 
potential (OP) analysis. B-wave and OPs both have higher 
coefficients in low-frequency bands (L-b and L-OP) shown 
in gray and light blue columns, respectively, while OP2 and 
OP4 have higher coefficients in the high-frequency band 
(H-OP), and OP4 is the biggest one (110.4  ±  41.3). %OP 
(mean  ±  standard deviation) calculated with the proposed 
method are shown in red square and line (right y-axis). %OP1 
(41.7% ± 11.7%) and %OP2 (55.9% ± 16.8%) are higher than 
the others (%OP3 – %OP5). %OP2 is significantly higher 
than others (p < 0.0005), while %OP3 (35.9% ± 5.9%) is sig-
nificantly lower than others (P < 0.0005). %OP4 is not signif-
icant different with %OP1 and %OP5 (P = 0.17 and P = 0.56).

Fig. 2 The DWT analysis with Haar wavelet function. Four representive control ERG signals (blue line) and filtered OPs (orange line) in time domain 
and corresponding scalogram (in colored map) underneath in time-frequency domain (a) selected from the individual subjects (b) are shown. The 

DWT coefficient magnitude (colored columns) analysis of each selected bin and the calculated %OP (red square and line) are shown in (c).
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3.2 Impact of the mother wavelet functions on the 
oscillatory potentials' ratios (%OP)
Three orthogonal mother wavelet families (i.e., 
Daubechies (db), Symlet (sym), and Coiflet (coif)) with five 
orders of N = 2, 4, 6, 8, 10 (shown in Fig. 3(a)) were utilized 
to analyze the individual OP of normal subjectsusing our 
proposed method. In Fig. 3(a), each row indicates one wave-
let family, where Daubechies (db) show more assymmetry 
while Symlet (sym) and Coiflet (coif) are closely symmetric. 
Each column indicates one order ,where the N of dbN and 
symN stands forthe order , while the order is 2N of coifN 
for each wavelet. Fig. 3(b) shows the scalograms obtained 
from the mean control ERG signal with the abovementioned 
mother wavelets and scaled to the same maximum coeffi-
cient magnitude (red in 500) for comparison. The  white 
squares highlight the region of interest in each scalogram. 

The results gained with the different wavelet func-
tions differ from each other. The relationships between 
%OPs and mother wavelet order (db : blue; sym : orange; 

coif  :  green, and haar  :  black dotted line) are shown in 
Fig. 3(c) and indicate that the %OP1 and %OP2 have sim-
ilar patterns while %OP3, %OP4, and %OP5 show a mir-
rored pattern to the previous two. The %OPs obtained with 
different orders of Daubechies  (db) are oscillating while 
that of Symlet (sym) and Coiflet (coif) change evenly with 
order (the %OP1 and %OP2 decrease while %OP3-%OP5 
increase with increasing the order of both sym and coif 
wavelets). %OP1, %OP2 and %OP5 obtained from sym 
and coif don't show any significant difference (p > 0.005) 
at each order except for the 2nd order while that of db 
shows a significant difference (p < 0.005) from sym and 
coif except for the 8th order, at which the individual %OPs 
reach similar values (p > 0.005) for all three wavelets. 

The ratios for optimal wavelet selection of energy to 
Shannon entropy are shown in Fig.  4 where the higher 
value indicate the better discrete wavelets. The Symlet 
wavelet family is relatively stable throughout all orders 
expect for the 2nd order while the Coiflet wavelet family 

Fig. 3 Multiple analyses using three mother wavelet families. (a) shows the waveforms of three mother wavelets, rows indicate wavelet name family, 
and columns indicate the orders of the wavelets. The corresponding DWT scalograms of the mean ERG signal are shown in (b). The correlation 

between %OPs and wavelet orders are shown in (c), and the black dotted lines and gray lines indicate the mean and standard deviation values obtained 
from the Haar wavelet.
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results decrease with increasing the wavelet order from 2nd 
to 8th. The Daubechies show unstable ratio values when 
the order changes. Based on this evaluation db2 and sym2 
seem to be the most suitable wavelets for evaluating %OPs 
among all the wavelets, while db8 gives lowest results.

4 Discussion
The purpose of this work was to study the human light-
adapted electroretinogram  (LA  ERG) fast component, the 
oscillatory potential  (OP), in the time-frequency domain 
using discrete wavelet transform (DWT), and to study how 
the mother wavelet characteristics affect the OP analysis. 
This study investigated an approach to analyze the individual 
OP (i.e., OP1 – OP5) by separating the DWT coefficient in 
five time windows (1–5) and four frequency bands (H/L-OP, 
H/L-b) and by the term of ratio %OPi, the coefficient ratio 
of OP to b-wave in each time bin. The results show that the 
individual OPs contributed differently to the b-wave and the 
mother wavelet function affected the results differently.

This study is a continuation of our previous work  [7] 
analyzing the OPs using FFT, adding time domain inves-
tigation. Here we applied the discrete wavelet function 
to transform the ERG signal from the time domain to the 
time-frequency domain and defined four frequency bands in 
the frequency axis for both b-wave and OPs, which is con-
sistent with Gauvin's work [23]. Moreover, in the time axis, 
we specified five time intervals according to both the the-
ory of wavelet transform  [28] and our previous study  [7]. 
The peak times of the individual OPs matches the time res-
olution at the higher frequency band  (160  Hz), as shown 
in Fig. 1. This made it more precise for analyzing the OPs 
than Gauvins' work since their OPs peak time exceeded 
b-wave (i.e., 17.5 – 55 ms, while the b-wave peak time is at: 
30.98 ± 1.33 ms). We also calculated the %OP by calculating 
the ratio of summed OP coefficients to b-wave and obtained 

that the sum %OP is 41.2% ± 5.8%, which is lower than their 
result (56.6% ± 2.5%), using the same Haar mother wavelet. 
This is because ERG signals are somewhat different due to 
the different recording systems. Our ERG signal didn't show 
obvious OP3, while there was obvious OP3 in their signal. 
In our finding OP3 contributes the least to the b-wave. The 
summed %OP (41.2% ± 5.8%) contributes less than half to 
build the b-wave, which is consistent with the previous stud-
ies using band-pass filter to extract the Ops [34–36].

We found that OP2 and OP4 have higher energy than 
other OPs at 160 Hz (H-OP) band, and OP4 has much higher 
energy than OP2 at 80 Hz (L-OP) band. However, the %OP2 
(55.9% ± 16.8%) was the biggest among five %OPs, while 
%OP4 was 41.6% ± 6.8%. which means the OP2 contributes 
the most to the b-wave. It is an interest founding since that 
the OP4 was thought to contribute the most to the b-wave 
due to the coincidence of the b-wave in peak time. the %OP3 
(35.9% ± 5.9%) was the lowest among the five OPs indicat-
ing that the OP3 contributes the least to the b-wave, which 
was consistent with the ERG signal. Our finding of the dif-
ferent %OP may confirm the different inner cells of the ret-
ina generating individual Ops  [37] since pharmacological 
interventions blocking the activation of specific cells affect 
the OPs differently [38]. Moreover, different retinal origins 
of the OPs are also supported by previous findings in con-
genital stationary night blindness (CSNB) that LA OP2 and 
OP3 are absent while OP4 is spared [39]. The origin of indi-
vidual OPs might emphasize the clinical value, in addition 
to main ERG components. 

Comparing mother wavelet types Symlet  (sym) and 
Coiflet (coif) wavelets had similar effects on the analysis 
of individual OPs while Daubechies (db) wavelet had a dif-
ferent effect. This may be caused by the symmetry charac-
ters, where Daubechies has less symmetry than Symlet and 
Coiflet. Our examination showed the db2 and sym2 to be the 
most indicative wavelets for analyzing human ERG signals 
according to the energy-to-Shannon entropy ratio. It may be 
because db2 and sym2 wavelets have two zero-mean wave-
forms that match well with the ERG signal itself. They both 
showed a higher %OP1 and %OP2 than %OP3-%OP5. Db8 
is not suggested for analyzing the ERG signal since the ratio 
is the lowest. All Symlet wavelets are recommended since 
they do not change much with the different orders.

Further investigations of LA ERG fast component %OPs 
should be applied to evaluate patients groups, such as diabetic 
retinopathy (DR), central retinal vein occlusion(CRVO), and 
retinitis pigmentosa (RP) using discrete wavelets transfor-
mation with different wavelet types and orders.

Fig. 4 Energy-to-entropy ratio obtained with all wavelets. Higher 
values indicate better discrete wavelets for the decomposition.
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5 Conclusion
Individual OPs of the light-adapted ERG obtained with 
the discrete wavelet transformation analysis may charac-
terize different levels of retinal dysfunction. The ratio  of 
OP to b-wave, which is %OP, may be an indicative param-
eter of ERG results.
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