
Hybrid fNIRS-EEG based discrimination of 5 levels of memory load

Christian Herff1, Ole Fortmann1, Chun-Yu Tse2, Xiaoqin Cheng3,
Felix Putze1, Dominic Heger1 and Tanja Schultz1

Abstract— In this study, we show that both electroencephalo-
grahy (EEG) and functional Near-Infrared Spectroscopy
(fNIRS) can be used to discriminate between 5 levels of memory
load. We induce memory load with the memory updating task,
which is known to robustly generate memory load and allows
us to define 5 different levels of load. Typical experiments
only discriminate between low and high workload or up to
a maximum of three classes. To the best of our knowledge, the
memory updating task has not been used in combination with
brain activity measurements before.
Here, accuracies of up to 93% are achieved for the binary
classification between very high and very low workload. On
average, two levels of workload could be discriminated with
74% accuracy. Classification between the full five classes yielded
44% accuracy on average. Despite the fact that EEG results
consistently outperformed the results obtained with fNIRS, we
could show that the feature-level fusion of both modalities
increased robustness of classification results. A reliable dis-
crimination between different levels of memory load could be
used to adapt user interfaces or present the right amount of
information to a learner.

I. INTRODUCTION

The adaptation of user interfaces using physiological mea-
surements has recently gained increased attention [1]. If
inherently internal information like emotion, or, as in this
study, the memory load, could be robustly determined, user
interfaces could react accordingly and thus greatly increase
efficiency and naturalness of human-computer interaction.
Brain activity measurements have been shown to allow
the identification of these mental states more robustly than
other physiological measurements like electrodermal activity,
heart-rate related parameters and eye-gaze measurements
[2], [3]. The most common modality for such, so called,
passive Brain-Computer Interfaces (BCIs) [4] is the elec-
troencephalogram (EEG), which has been used to robustly
discriminate between high and low workload [5]. An al-
ternative method for the measuring of brain activity is
functional Near-Infrared Spectroscopy (fNIRS), which in-
directly measures concentration changes of oxygenated and
deoxygenated hemoglobin through the absorption of near-
infrared light. While EEG has high temporal resolution,
signals at each measurement location are a summation of
various brain and non-brain sources, yielding a low spatial
resolution. Hemodynamic changes measured by fNIRS take

1Christian Herff, Ole Fortmann, Felix Putze, Dominic Heger and Tanja
Sschultz are with the Cognitive Systems Lab, Karlsruhe Institute of Tech-
nology, Karlsruhe, Germany christian.herff@kit.edu

2Chun-Yu Tse is with the Department of Psychology & Center for
Cognition and Brain Studies, The Chinese University of Hong Kong, China

3Xiaoqin Cheng is with the Department of Psychology and LSI Neuro-
biology/Aging Programme, National University of Singapore, Singapore

several seconds to be measurable and thus offer a poor
temporal resolution, but can be localized to a very small area,
giving high spatial resolution. These two modalities thus
complement each other in spatial and temporal resolution.
Besides classic BCI paradigms, fNIRS has been successfully
used, among others, to classify emotion [6], the type of task a
user is engaged in [7] and has been applied to more realistic
settings such as workload monitoring of air traffic controllers
[8]. See [9] for a review of fNIRS for brain imaging in
general and [10] for passive BCIs specifically.
The combination of several brain measurement modalities
is called hybrid BCI [11]. Hybrid BCIs have been used to
identify the type of attention (visual or auditory) participants
are engaged in [12] and have been shown to enhance
performance in a motor imagery task over single modality
interfaces [13].
Different levels of memory load have been evaluated with
fNIRS [14], EEG [15] and the combination of both [16]
employing the n-back paradigm, with a maximum of 3 levels
of memory load. In this study, a larger number of levels
was targeted. For this purpose, we chose a variation of the
memory updating task. The memory updating task was first
presented by Salthouse et al. [17] and adapted by Oberauer et
al. [18]. In this task, memory load is induced with a number
of digits that have to be remembered and constantly updated
with arithmetic operations. By varying the number of digits,
the memory demand can be adapted and thus, different levels
of memory load induced. This procedure allows for a larger
number of distinct load levels [19] than the regularly used
n-back paradigm. To the best of our knowledge, the memory
updating task has not been used in combination with brain
activity measurements. Additionally to the novelty of the
task, the number of memory load levels is usually far lower
than the five classes investigated here.

II. MATERIAL AND METHODS

A. Experiment

A variation of the memory updating task [17], [18], [19]
was used to induce 5 different levels of memory load. During
a trial, a participant is shown a row of boxes on the screen.
The number of boxes depends on the difficulty level and
ranges between one and five in our study. At the beginning
of each trial, the boxes are shown empty for one second.
The initial digit is then shown for 2.5 seconds in each box.
Afterward simple additions and subtractions (between −7
and +7) are displayed for 2.5 seconds in a randomly chosen
box. Participants have to apply the displayed operation
to the currently remembered digit and hence update their



remembered number. The number of operations is fixed for
each difficulty level to keep the trials at a fixed length of 31s.
After the trial, the recall phase starts, in which participants
have 3 seconds per box to recall and type in the final result.
This recall phase is ignored in EEG and fNIRS analysis.
The recall phase is followed by either 15 or 25 seconds of
pause, during which a fixation cross was displayed and the
participants were asked to relax. We focus on the differences
between memory updating levels and ignore the pause trials
for this analysis.

Participants were asked to avoid unnecessary motion dur-
ing trials. We recorded 10 trials per difficulty level and
participant, resulting in a total of 50 trials per participant.
Figure 1 illustrates the experiment procedure.
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Fig. 1. Experimental design of the memory updating task. The difficulty
level n influences the number of boxes per trial. Figure illustrates a 3-box
example.

Trials are assigned a label corresponding to the number of
boxes shown. In this study, we use the entire 31 seconds of
trial data, but exclude pause and recall phases.

B. Data acquisition

During the experiment, we recorded fNIRS signals from
28 sources, emitting near-infrared light and 15 detector
optodes located on the forehead to measure hemodynamic
activity in the prefrontal cortex. We used a frequency-
modulated oximeter (Imagent, ISS Inc.) measuring at two
wavelengths (690nm and 830nm). Modulation frequency was
set to 110 MHz and the sampling frequency was 19.5 Hz.

In parallel, EEG activity was recorded using three elec-
trodes on the midline at positions Fz, Cz and Pz according
to the international 10-20 system. These midline locations
were chosen as this region has shown strong activations in
previous studies investigating memory load [16]. Addition-
ally, 4 electrodes were placed around the eyes to record
electrooculography (EOG). Both modalities are recorded
using an ANT amplifier (ANT, Netherlands) and sampled at
256 Hz. All electrodes were referenced to the nose. Ground
electrode was placed on the forehead. Source and detector
optodes, as well as electrodes are fixed to participants’
heads with a rigid custom-made holder. Optode and electrode
positions were digitized for each participant individually
using an ANT Visor system. The resulting coordinates were
used to calculate exact distances for each source and detector

pair for the conversion process of raw optical densities to
hemoglobin concentration changes.

Figure 2 illustrates optode and electrode positions.
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Fig. 2. Optode and electrode montage. Green circles represent sources,
orange circles detectors and red circles indicate electrode position.

C. Participants

We recorded 10 healthy participants (3 female) with a
mean age of 25.5 years (SD = 0.97). All participants gave
written consent and had no history of neurological diseases.
They had participated in EEG and fNIRS experiments pre-
viously but had no experience with the memory updating
task.

D. EEG processing

To reduce eye movement artifacts in the EEG recordings,
we applied the EOG regression methods proposed in [20].
We extracted the powerspectrum in 1 Hz wide bins between
4 and 25 Hz using Welch’s method. These features were
extracted for each of the three electrodes resulting in a 66-
dimensional feature space for EEG data. We calculated the
mean µtrain and standard deviation σtrain of each feature in
the training set and normalized both training and test sets by
subtracting µtrain and dividing by σtrain (z-normalization).

E. fNIRS processing

We restricted our analysis to the DC component of
the measured signal and converted the optical densities to
changes in oxygenated and deoxygenated hemoglobin (HbO
and HbR) using the HomER package [21]. As HbO and HbR
are strongly correlated [22] with responses more pronounced
in HbO, we limit our analysis to the HbO signals. As each of
the 15 detectors measures the light intensities from each of
the 28 sources, a total of 420 channels with different source-
detector distances was recorded. To restrict this amount to
information bearing channels, and exclude channels with too
large source-detector distances, we only consider channels
showing a clear pulse artifact, which is expected in clean
fNIRS signals. Channels with pulse were identified automat-
ically, if a peak was detected in the log-powerspectrum p
frequency band 0.8 to 1.7 Hz:

max{p(f)|f ∈ [0.8, 1.7]}−mean{p(f)|f ∈ [0.8, 1.7]} > 0.5



The log-powerspectrum was extracted with Welch’s method
and yielded 0.2 Hz wide frequency bins. This procedure
reduced the amount of channels from 420 to 13-47 depending
on the participant. The data was then lowpass-filtered to
attenuate motion artifacts and heart-beat with an elliptic IIR
filter with filter-order 6 and cut-off frequency of 0.5 Hz. As
a feature, the slope of a line fitted to the data of a trial
was extract for each channel using a least-squares approach.
The slope has been shown to capture relevant information in
single trial fNIRS data in previous studies [14]. This resulted
in 13 to 47 features for the fNIRS data. The fNIRS slope
features were z-normalized, as described in Section II-D.

F. Evaluation

To evaluate how well 5 classes of memory load can be
discriminated, we first investigated the classification of load
levels in binary conditions. Each pairing of memory load
levels was evaluated for fNIRS and EEG data, resulting in
a total of 10 tasks. To assess the possibility of multi-class
discrimination, we evaluated the 5-class condition, as well.

Evaluation was done participant-dependently using 10-fold
cross-validation. We trained a regularized LDA on the train-
ing data, with an optimal shrinkage parameter determined
with the analytic methods proposed in [23]. Regularized
classifiers have been shown to yield good results in high-
dimensional features spaces with small amounts of training
samples, as is the case in BCIs with EEG [24] and fNIRS
[25], [26]. Multi-class classification was performed using a
one-vs-one approach, resulting in 10 classifiers and deciding
via majority vote. In addition to the analysis of fNIRS and
EEG independently, we evaluated the feature-level fusion
of both modalities by combining the 66-dimensional EEG
feature space with the 13 to 47 dimensional feature space
from fNIRS, resulting in 79 to 113 dimensions for the fused
feature space. We denote the fused feature space as FUSION
in later section.

III. RESULTS

In the binary classification conditions, high accuracies are
achieved with both EEG and fNIRS. As expected, highest
accuracies were achieved when discriminating between one-
box and 5-box conditions yielding 71% correct on average
for fNIRS, 90% for EEG and 93% for FUSION. Accura-
cies for EEG and FUSION never drop below 58%, while
fNIRS only achieves chance accuracies for the discrimina-
tion between 1 and 2 box conditions. Classification of one
memory load level against another works consistently better
for EEG than for fNIRS with a mean over all conditions
of 60% accuracy for fNIRS and 74% for EEG. Feature-
level FUSION yielded a mean of 74% as well, albeit more
results significantly better than chance could be achieved
using the feature-level FUSION. Testing for each participant
and condition (total of 100 = 10 participants x 10 conditions)
individually whether the 10 folds yielded results significantly
larger than chance, we found that 26% are significantly better
than chance (one-sided t-test, p < 0.05) for fNIRS, 61% for
EEG and 69% for FUSION.

Results are strongly correlated with the distance between
load levels (fNIRS r = 0.38, p < 0.001; EEG r = 0.64,
p < 0.001; Fusion r = 0.62, p < 0.001)) meaning that the
further the levels are apart, the better the classification. All
classification results for the binary conditions can be found
in Figure 3 (a).

In addition to the binary conditions, we evaluated how
well five levels of memory load could be discriminated 3
(b). Discrimination works significantly better than chance for
fNIRS (29%), EEG (42%) and the FUSION approach (44%).
Figure 4 illustrates the confusion matrix for the FUSION
approach. It is clearly visible that confusions occurred most
often with adjacent load levels and that confusions with
farther away levels are very rare.
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Fig. 4. Confusion matrix in the five class experiment using the fused
feature space.

IV. CONCLUSIONS

In this paper, we have shown that 5 levels of induced
memory load can be robustly discriminated using fNIRS and
EEG. This shows the potential for both modalities to be used
for more than just the identification of high and low levels
of workload or memory load.

A combination of both modalities increased classification
results significantly when discriminating between 5 levels
of memory load and increased the robustness in binary
classification conditions. Even though the combination of
both modalities increases robustness of classification, it has
to be decided whether this increase justifies the usage of an
additional sensor.

Our study was conducted in a lab environment and does
thus not face challenges that would be posed by a real-
life scenario. Further evaluations are needed to determine
whether the window length of 31 seconds can be reduced
while maintaining high accuracies to meet the requirements
of real-life application.
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Fig. 3. Mean classification results for the 10 binary conditions (a) and the five-class condition (b). Whiskers indicate standard errors. Solid lines denotes
naive classification rate.

REFERENCES

[1] S. H. Fairclough, “Fundamentals of physiological computing,” Inter-
acting with computers, vol. 21, no. 1, pp. 133–145, 2009.
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[18] K. Oberauer, H.-M. Süß, R. Schulze, O. Wilhelm, and W. Wittmann,
“Working memory capacityfacets of a cognitive ability construct,”
Personality and Individual Differences, vol. 29, no. 6, pp. 1017–1045,
2000.

[19] S. Lewandowsky, K. Oberauer, L.-X. Yang, and U. K. Ecker, “A
working memory test battery for matlab,” Behavior Research Methods,
vol. 42, no. 2, pp. 571–585, 2010.
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