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Abstract

Object recognition is essential for human survival, and the human visual cortex has evolved to
perform this task efficiently. Through our research examining this phenomenon, we aim to
enhance electroencephalography (EEG) methods to investigate how the human visual cortex
recognizes and categorizes different types of objects. Participants’ brain responses were recorded
using EEG as they viewed a series of 72 object photographs. These images were broadly
categorized as Animate (Human Face, Human Body, Animal Face, and Animal Body) and
Inanimate (Natural or Man-made). This study aims to discern how the brain distinguishes
between these different categories of objects. To achieve this, prior work has used single-trial
classification to perform a Representational Similarity Analysis (RSA) (Kaneshiro et. al., 2015).
This work expounds upon prior results in two key respects. First, while prior work utilized all
128 EEG channels, our approach explores using specific clusters of channels for image
classification in order to find the minimum number of electrodes needed to still obtain accurate
object identification. Second, we investigate the usefulness of additional image classifiers in both
speed and prediction accuracy.

Introduction

Object recognition is a critical aspect of human cognition, playing a central role in our ability to
interact with and navigate through our environment. The visual cortex, a specialized region of
the cerebral cortex, is responsible for processing the visual information that allows us to
recognize and categorize objects rapidly and accurately (Huff et al., 2023).



Electroencephalography (EEG) is a non-invasive neuroimaging technique that records electrical
activity in the brain via electrodes placed on the scalp. EEG is particularly well-suited for
studying neural processes due to its high temporal resolution, allowing researchers to capture
brain activity on a millisecond timescale (Gevins et al., 1999). This makes EEG a popular tool
for examining the rapid neural responses associated with cognitive functions such as object
recognition. By analyzing the patterns of brain waves, researchers can gain insights into how
different categories of objects are processed by the visual cortex.

Our research has two primary goals: finding the minimum number of electrodes needed to
produce a relatively high object identification accuracy as well as exploring alternative classifiers
to improve reliability and accuracy of results.

The implications of understanding object recognition through EEG are vast. Insights gained from
this research can inform the development of advanced brain-computer interfaces (BCIs), improve
diagnostic tools for neurological disorders, and enhance machine learning algorithms used in
artificial intelligence (Wardle & Baker, 2020). Moreover, refining EEG methods for object
classification could lead to new approaches in fields like psychology, cognitive science, and even
marketing, where understanding consumer responses to visual stimuli is crucial (Bazzani et al.,
2020). Finally, finding the minimum number of electrodes needed to produce accurate object
identification could have significant impacts on the healthcare field. Each electrode channel costs
up to $500 each, and EEGs have up to 128 channels (Niso et al., 2023). Reducing the number of
electrodes while still being able to obtain accurate results would greatly decrease healthcare
costs, potentially making EEGs more accessible.

Previous studies have explored the use of EEG for image identification by analyzing the brain’s
response to visual stimuli (Ahmadieh et al., 2024). Traditionally, these studies have employed
data from a large number of EEG channels—sometimes up to 128—to classify images into
different categories. However, this approach often involves complex data processing, requires
significant computational resources, and is quite timely.

Blair Kaneshiro, whose study we used as a basis for our research, used the MATLAB
programming language to create graphs based on her results (Wang et al., 2017). We convert the
MATLAB code into Python to provide researchers with friendlier and more affordable software
tool to interpret EEG data.

Methodology

All code files for this work can be found here
https://github.com/nonohuff/SHTEM2024/tree/main.

https://github.com/nonohuff/SHTEM2024/tree/main


Our work can be thought of in two distinct halves. First, we find the minimum number of EEG
channels needed to produce an accurate object identification. Second, we explore alternative
classifiers to improve reliability and accuracy of results.

After reviewing prior research on EEGs through the study A Representational Similarity Analysis
of the Dynamics of Object Processing Using Single-Trial EEG Classification (Kaneshiro et al.,
2015), we gained access to the matlab files used in the experiment. These matlab files contain a
function used to load and compute ERP (Event-related potential) datasets as well as generate
relative topographic maps and ERPs for selected electrodes. Additionally, we processed
all-category ERPS and within ERPs.

Direction 1

Figure 4 (Kaneshiro et al., 2015)

Our first research direction–which focused on testing electrodes with multiple input
channels–first aimed to reproduce figure 4 as taken from the Kaneshiro 2015 paper. Figure 4
represents a topographic map highlighting the varying accuracies of the classifier accurately
predicting what image was seen when using only one electrode. By reproducing this, we have
established a baseline that we have expanded upon in order to test how accuracies could vary
between multiple input channels in order to suggest a minimum number of electrodes needed to
produce a still-accurate object identification.



We analyzed three different areas of the brain with three different electrodes in order to find
which areas of the skull demonstrated the highest accuracies as well as what number of
electrodes demonstrated the highest accuracies during the object classification. Our code is based
on a singular function which analyzes the results of a particular participant (1-10) from the prior
experiment when classifying animate versus inanimate images.

The code functions in the following way:
1. Ensure a participant number was entered
2. Set up time windows and category labels
3. Import the data
4. Separate trials by category
5. Plot ERPs for three electrodes: time over voltage, showing different image categories

a. Select which electrodes to use
b. Iterate through selected electrode & stimulus categories
c. Standardize y-axis across plots
d. Save & display ERP figure

6. Plot ERPs for one electrode: time over voltage, showing different trials for human faces
and inanimate object categories

a. Initialize empty lists for human faces & inanimate objects
b. Organize exemplar level ERPs for human faces & inanimate objects
c. Specify electrode for plotting
d. Plot both ERPs
e. Standardize y-axis across plots
f. Save & display ERP figure

Once the code has been run, we are met with two figures: one showcasing an all-category ERP
and another representing a within-category ERP. The all-category ERP displays 3 graphs that
examine the relationship between the voltage (µV) of the electrode and the corresponding time
(msec) that it took for the classifier to accurately predict the image it was seeing. It plots 6
different lines based on the categories of images shown to participants in the study (human face,
human body, animal face, animal body, man-made inanimate object, natural inanimate object).
The lines are averages of different trials. The within-category acts a bit differently and instead
displays two graphs examining the relationship between the voltage (µV) of the highest-accuracy
electrode and the corresponding time (msec) between the human faces category and inanimate
objects category. The lines are not averaged and instead show all 12 trials for that participant and
category.

Direction 2



Our second research direction–which focused on exploring and testing alternative
classifiers–aimed to find and implement a more flexible and reliable classifier to produce more
accurate results. The Kaneshiro 2015 study utilized a linear classification which, although took
less computational power, ended up being less accurate in its results. Rather than using the same
classification, we worked to find alternative classification methods that can provide higher
accuracy in its products. We analyzed how different classifications brought both benefits and
setbacks when approximating the object-identification accuracies, and the best results were
achieved with neural networks. Neural network (NN) is a model developed based on the working
principles of the human brain. Essentially, it consists of a series of interconnected artificial
neurons that can process data and understand patterns through learning. The neural network takes
inputs, processes those inputs through layers, and eventually produces an output. During training,
weights are updated to improve the performance of the network so it can make more accurate
predictions. Our NN classifier has 3 hidden layers with 512, 256, and 128 neurons. All these
layers are followed by batch normalization and dropout layers. Our output layer uses the softmax
function, which is commonly used in classification tasks.

Results
Figure 2 is a set of graphs we produced through our code. Each EEG channel is in a different
area of the brain: electrode 11 is in the frontal lobe, electrode 47 is in the parietal lobe, and
electrode 90 is in the occipital lobe. Electrode 11 has a sharp rise of 7 µV at 120 msec (8 µV for
the human faces category) followed by a 9 µV decrease until 220 msec. Electrode 47 has a 4 µV
rise at 120 msec, followed by a 4µV decrease, again until 220 msec. The difference in the
changes of the voltages on the graphs is explained by the area of the brain the electrodes are
located in: 11 is in the parietal lobe, responsible for motor function, including planning &
organization, while 47 is in the parietal lobe (specifically, in the auditory area). Some visual
object classification is needed for motor function, but little to none is needed for auditory skills.
Therefore, electrode 11 has a higher decrease and increase of graph voltage because that area of
the brain is used more for object classification. Electrode 90 proves this: it is in the occipital
lobe, responsible for visual processing, and it had a 21 µV drop (24 µV for human faces),
followed by a rise of between 16 µV to 26 µV (depending on the category being considered). It
has the most pronounced changes in voltage because it is located in the area of the brain
responsible for visual function.

For each electrode, the voltage for when subjects were looking at human faces changed both
earlier and more severely than the other categories, which tended to group closely together. This
difference is most pronounced in electrode 90, where there is a 3 µV difference at 160 msec
between the voltage for human faces and the remaining categories. The remaining categories
were also most differentiated in electrode 90 between 220 and 250 msec, with a maximum



difference of 4 µV. This is again likely due to the fact that electrode 90 is located in the occipital
lobe, responsible for visual processing.

Figure 2: ERP (Event-related potential) voltage over time for subject #1. Electrodes 11, 47, and
90 are shown. Results are split into averaged findings for each of the 6 categories.

Figure 3 shows the results of trials for electrode 90. For both graphs, the greatest variability in
results is between -100 msec to 110 msec and 220 msec to 500 msec. However, the maximum
variability for inanimate objects in between 220 msec and 500 msec is 11 µV, which is 5 µV
greater than the maximum variability for human faces (6 µV). Similarly, in the time period
between 110 msec to 220 msec when variability was lowest, the results for inanimate objects
varied by 8 µV while the results for human faces varied by 5 µV. This explains why the
classifiers Kaneshiro used were always more accurately able to recognise that people were
looking at human faces than when they were looking at any other image category. Because the
results for human faces are much more consistent than for inanimate objects, it was easier for the
classifier to identify patterns for EEG results in this category.



Figure 3: ERP (Event-related potential) voltage over time for subject #1 and electrode 90.
Results of all 12 trials for human faces and inanimate objects are shown.

For classification, we initially examined the Support Vector Machine (SVM) model. We chose to
investigate SVM due to its widespread use and success in various classification tasks,
particularly its capability to handle high-dimensional data. SVMs are additionally known for
their robust theoretical foundations and their ability to find an optimal hyperplane that
maximizes the margin between classes (Ma et al., 2016). However, SVMs also have higher
memory and runtime requirements, which can pose challenges, especially when dealing with
large datasets or real-time applications. Despite these theoretical advantages, the results obtained
from our SVM implementation were significantly below our expectations; the accuracy values
obtained for all 124 EEG channels were almost identical to those achieved with the LDA model.
Factors contributing to this performance include feature representation, kernel selection,
parameter tuning, and dataset size.

The features extracted from the EEG data might not be adequately informative for SVM to
leverage its full potential. SVMs perform best when there is a clear margin of separation between
classes, which was not always the case with our dataset.

The choice of kernel function also plays a crucial role in SVM performance. We originally used a
radial basis function (RBF) kernel. The performance of an SVM with an RBF kernel is highly
sensitive to the selection of hyperparameters, specifically the penalty parameter C and the kernel
parameter γ (gamma). Choosing inappropriate values can lead to poor classification
performance, which may have been the case in our examination.

The size and variability of the dataset might also limit the SVM's ability to generalize effectively.
By using a relatively small dataset, the model might have overfit to the training data, resulting in
similar performance to the simpler LDA model.

Our study aimed to explore and compare different classification models for EEG data to identify
the most effective approach. While SVM is a theoretically robust and widely-used model, its
performance in our application was not significantly better than that of LDA. This finding
suggests that simply using a more complex model may not guarantee improved accuracy,
especially when the data characteristics and feature representations are not optimal.

To enhance classification performance, future work should focus on using advanced feature
extraction techniques that better capture the salient characteristics of EEG signals, conducting
extensive hyperparameter tuning for SVM, and collecting more EEG data to provide the models
with richer training sets (Shi et al., 2021). By addressing these aspects, we aim to achieve more



substantial improvements in the data classification model for this research, ultimately leading to
more accurate and reliable models for practical applications.

Figure 4: Accuracy values for LDA



Figure 5: Accuracy values for SVM

We then used a more sophisticated machine learning model, the neural network, to achieve
higher accuracy values. While the results obtained from the neural network were certainly more
satisfactory compared to the LDA model, they did not demonstrate a significant improvement.
The accuracy values achieved were relatively similar to those of the LDA, with only a marginal
difference of 0.10. The performance of the neural network could be improved with a larger
dataset and use of a neural network architecture with more complex structures. Neural networks
typically require large amounts of data to effectively learn and generalize complex patterns. In
our case, the constrained data volume likely hindered the network's ability to significantly
outperform simpler models like LDA.
Improvements to the neural network architecture may also improve the accuracy. Experimenting
with various architectural configurations, including adjusting the number and types of layers,
neuron counts, and activation functions, may allow us to achieve higher classification accuracy
compared to the initial LDA model.

Figure 6: Accuracy values for Neural Network

Conclusion

Our research has advanced the understanding of how EEG data can be used to classify objects by
focusing on two primary areas: minimizing the number of EEG channels required for accurate
object identification and exploring alternative classifiers to improve prediction reliability and



accuracy. By converting existing MATLAB code to Python, we made our research more
accessible and adaptable for broader use.

Our findings confirmed that certain regions of the brain, particularly those associated with visual
processing like the occipital lobe, play a critical role in object recognition. We observed that
specific electrodes, particularly those located over these regions, could achieve high
classification accuracy, suggesting that fewer electrodes might be needed without compromising
the quality of results. Additionally, while our exploration of different classifiers, including SVM
and neural networks, provided valuable insights, the results highlighted the complexity of
accurately modeling brain activity and suggested that even more sophisticated methods might be
necessary to significantly improve accuracy.

The implications of our work extend beyond academic curiosity. By refining EEG methods for
object classification, we contribute to the potential development of more efficient and
cost-effective EEG-based diagnostic tools and brain-computer interfaces. Reducing the number
of electrodes required could make EEG technology more accessible in clinical settings,
potentially lowering healthcare costs and broadening its application.

In future studies, it may be recommended to use a larger data set and use a neural network
architecture with more complex structures to improve performance. These methods can increase
the learning capacity of the model when more data is available, improve classification accuracy,
and strengthen the generalization ability of the model. Additionally, applying data augmentation
techniques and using pre-trained models through transfer learning can further improve
performance.
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