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Abstract
The human visual system processes scenes with remark-
able speed, enabling the extraction of essential informa-
tion to navigate our surroundings in a single glance. To
elucidate how the brain transforms visual inputs into neu-
ral representations of navigationally relevant information,
we collected electroencephalography (EEG) responses to
diverse indoor and outdoor scenes along with behav-
ioral annotations of locomotive action affordances (e.g.,
walking, cycling), object annotations, and low-level im-
age features to model distinct types of scene informa-
tion. Using representational similarity analysis, we ex-
amined the neural representation of locomotive action af-
fordances over time, their co-localization within scene-
selective cortex, and their computational alignment with
deep neural networks (DNNs). Our results show that loco-
motive action affordance representations emerge within
200 ms of visual processing, showing unique contribu-
tions to EEG responses at temporally distinct time-points
from objects and low-level properties. Spatiotemporal fu-
sion with functional magnetic resonance imaging (fMRI)
recordings in scene-selective brain regions reveals that
both the parahippocampal and occipital place region (but
not the medial place region) contribute to locomotive ac-
tion affordance representations, with a distinct temporal
hierarchy between them. While DNNs align well with early
EEG responses, they primarily capture low-level features
and show limited alignment with affordance processing.
These findings reveal a temporally distinct neural repre-
sentation of action affordances and highlight a limitation
of current DNNs in modeling affordance perception.
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Introduction
Humans effortlessly navigate dynamic environments, where
changes can occur in milliseconds—such as cycling through
dense morning traffic. This highlights the brain’s remarkable
speed in processing visual scenes (Fei-Fei et al., 2007; Pot-
ter, 1975; Thorpe et al., 1996), allowing it to capture relevant
information to guide navigational actions in a glance (Greene

Figure 1: Overview: (A) Example scenes. (B) Experimental
design. (C) RDMs from action affordance (left) and object an-
notations (right), with red indicating high and blue low dissim-
ilarity. (D) Single-image evoked responses from 19 occipital
electrodes, with RDMs computed from ERP response ampli-
tudes every ∼8 ms (-100 to 1000 ms relative to image onset).

& Oliva, 2009). The process of identifying potential relevant
interactions with the environment is broadly known as affor-
dance perception (Gibson, 1977). Although the presence of
scene-selective cortical regions is well established (Epstein &
Baker, 2019; Dilks et al., 2022; Bartnik & Groen, 2023), and
growing evidence highlights their sensitivity to navigational af-
fordances (Bonner & Epstein, 2017; Dwivedi, Cichy, & Roig,
2021; Bartnik et al., 2025), most prior research has relied on
fMRI measurements. As a result, the temporal dynamics of
navigational affordance perception and the cascade of under-
lying neural computations remain poorly understood.

Studies using time-resolved brain measurements during
scene perception consistently indicate that scene feature rep-
resentations emerge as early as 100 ms after image onset,
seemingly following a temporal hierarchy. Low-level features,
such as global scene properties (e.g., clutter level, scene size,
and overall spatial layout), are extracted between 90–150 ms
(Groen et al., 2013; Ramkumar et al., 2016; Cichy et al., 2017;
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Hansen et al., 2018). Open vs. closed scene discrimination
(Lowe et al., 2018) and manmade vs. natural scene catego-
rization (Groen et al., 2013; Harel et al., 2016) also emerge
around that time. (Greene & Hansen, 2020) showed that in-
formation about objects contained in the scenes is processed
around 175–225 ms, while correlations with behavioral tasks,
especially affordance-based scene sorting, appear at later
stages (Greene & Hansen, 2020). Recent studies show that
spatial structure is processed between 90–125 ms, semantic
content between 140–175 ms (Mononen et al., 2025), while
navigational affordances may be processed even later, around
300 ms post-onset (Dwivedi et al., 2024).

This suggests that affordance perception might build upon
previously extracted scene features. However, isolating in-
dividual contributions is challenging due to feature interde-
pendencies (Groen et al., 2017; Malcolm et al., 2016), and
it has been suggested that scene processing may not fol-
low a straightforward temporal cascade from low- to high-
level scene properties (Groen et al., 2017; Ramkumar et al.,
2016; Greene & Hansen, 2020). Indeed, one study found that
neural representations of local features diagnostic of naviga-
tional affordances emerge as early as 134 ms after image on-
set (Harel et al., 2022), and perceived affordances strongly
shape scene categorization (Greene et al., 2014), inherently
affecting how the environment itself is perceived (Djebbara et
al., 2019). This view of affordances as a ’visual primitive’ is
supported by evidence that affordance perception is largely
task-independent (Bonner & Epstein, 2017; Bartnik & Groen,
2023), though prior knowledge may still influence scene per-
ception (Djebbara et al., 2019; Naveilhan et al., 2024).

When navigational affordance representations emerge in
visual processing may depend on the way they are opera-
tionalized. Most existing studies focus on indoor environ-
ments, defining affordances as possible pathways through
space (Bonner & Epstein, 2017; Dwivedi et al., 2024; Harel
et al., 2022). We recently proposed an alternative approach
considering locomotive action affordances, focusing on spe-
cific types of actions required to navigate environments (Bart-
nik et al., 2025). In this work, fMRI recordings revealed
representation of such affordances in the scene-selective re-
gions Parahippocampal Place Area (PPA) and Occipital Place
Area (OPA). These representations were not explained away
by low-level global scene features or object labels and were
poorly captured by features learned by modern DNNs (Bart-
nik et al., 2025). Given these findings, we hypothesized
that temporally-resolved neural measurements will also reveal
unique locomotive action affordance representations that do
not overlap with other visual features or DNN features. Such
measures furthermore allow determining the temporal onset
of locomotive affordance representations, which could help
elucidate the temporal dynamics of affordance perception.

To test this hypothesis, we collected human electroen-
cephalography (EEG) responses to our diverse set of images
also used in Bartnik et al. (2025), and related these responses
to behavioral annotations, fMRI data, and DNN feature activa-

tions. Our results confirm that locomotive action affordances
form a unique representational space not only in fMRI but also
in EEG signals; moreover, we find that they are processed
within 200 ms but later than low-level global scene features
or object representations, are temporally aligned with scene-
selective regions, with a processing hierarchy showing ear-
lier responses in OPA compared to PPA. While DNNs exhibit
strong representational alignment with EEG signals, their rep-
resentations align more closely with low-level features, sug-
gesting they may be insufficient for accurately modeling the
neural processing of locomotive action affordances.

Methods and Materials

Participants
Twenty healthy volunteers with normal or corrected vision (6
males; age 18–27, M = 21.45, SD = 2.43) participated in the
study, which was approved by the Ethical Committee of the
institution. They provided informed consent and received re-
search credits or monetary compensation. Two participants
were excluded due to incomplete data.

Stimuli
The stimuli consisted of 90 high-resolution (1024×1024 pix-
els) color photographs, sourced from a copyright-free image
database (Flickr) and previously used in our neuroimaging
study (Bartnik et al., 2025). Each image was captured from
a human-scale, eye-level perspective and depicted an every-
day scene without humans or prominent central objects, and
belonged to one of three environmental categories: indoor,
outdoor-natural, or outdoor-man-made (see Fig. 1A).

Experimental design and Procedure
The experiment consisted of three blocks, each correspond-
ing to a different task (action, object, or fixation) which were
presented in a counterbalanced order. In each block, partic-
ipants viewed the same 90 images, each repeated six times.
Once per image per block, a response screen appeared after
the presentation of the image, prompting participants to press
one of six keyboard buttons corresponding to task-specific la-
bels: action affordances (walking, biking, driving, swimming,
boating, climbing), contained objects (building, plant, water,
furniture, road, stones), or the color of the fixation cross (blue,
red, orange, purple, yellow, cyan). Image order and response
option order were randomized separately for each participant.
The response screen appeared randomly after one of the six
repetitions, resulting in six task-specific repetitions and 18 to-
tal repetitions per image across tasks. Before each block, par-
ticipants completed a training session with 15 practice images
not included in the main experiment.

Stimuli (1024x1024 px) were presented using PsychoPy
(v3.2.4) on a 2560×1440 px screen (59.6 × 33.6 cm) in a con-
trolled lighting environment. Participants sat ∼70 cm from the
screen, with images spanning 20° of their visual field. A fixa-
tion cross was displayed at the start (8 s) and end (12 s) of the
experiment. Each trial followed this sequence: fixation cross
(500 ms), blank grey screen (500–750 ms), stimulus image
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with a randomly colored fixation cross (1000 ms), and another
blank grey screen (100–250 ms). For response trials, a re-
sponse screen appeared (max 3800 ms), followed by a jittered
inter-stimulus interval (ISI) of 2000–4000 ms. Non-response
trials proceeded directly to the ISI. Breaks were allowed after
every 90 images and between task blocks.

EEG acquisition and pre-processing

EEG data was recorded using a Biosemi 64-channel Active
Two EEG system (www.biosemi.com) with a 10-20 layout at
a sampling frequency of 2048.0 Hz. To capture more vision-
related activity, two frontal electrodes (F5 & F6) were repo-
sitioned posteriorly to the left and right of Iz (renamed I1 &
I2). Eye movements were monitored with electro-oculograms
(EOGs). Preprocessing for the purpose of computing event-
related responses (ERPs) was done in Python, MNE (Gram-
fort et al., 2013) and included the following steps. High-pass
filter at 0.1 Hz (6 dB/octave); a low-pass filter at 30 Hz (6
dB/octave) (one-pass, zero-phase, non-causal bandpass fil-
ter, hamming window, 0.0194 passband ripple, 53 dB stop-
band attenuation, -6 dB cut-off frequency); two notch filters
(zero-phase) at 50 Hz and 60Hz; epoch segmentation from
-100 to 1000 ms from stimulus onset, downsampled to 128
Hz for computational efficiency; baseline correction between
-100 and 0 ms; ocular correction using the EOG electrodes
(Gratton et al., 1983); conversion to Current Source Density
responses (Perrin et al., 1987). Artifacts were rejected us-
ing maximal allowed amplitudes of -75 and +75 µV in the Oz
channel. This led to a rejection of 2.04% of the epochs with
(mean = 5.5%, SD = 0.45% images per participant and task).

Trials with the same image were averaged across all rep-
etitions to obtain non-task-specific ERPs for each image and
each subject. For task-specific ERPs, only the image repeti-
tions within each block corresponding to the same task were
averaged. Following previous studies that demonstrated that
navigational affordance processing happens in the visual cor-
tex (Bonner & Epstein, 2017; Harel et al., 2022; Dwivedi et
al., 2024), we selected 19 posterior and occipital channels for
further data analysis (P1, P3, P5, P7, P9, PO7, PO3, O1, O2
Oz, POz, Pz, P2, P4, P6, P8, P10, PO4, PO8).

RDM construction

Trial-averaged ERP responses were used to construct rep-
resentational dissimilarity matrices (RDMs) for each subject
using pairwise Pearson correlation distances between ERP
amplitudes across 19 electrodes. This was done in a time-
resolved manner at 7.86 ms intervals from -100 to 1000 ms
relative to image onset (Fig. 1D). RDMs were computed us-
ing the Python version of the RSA toolbox (van den Bosch
et al., 2025). We smoothed the data using sliding window
(39.29 ms) averaging while maintaining dimensional consis-
tency through padding. The effect of smoothing window size
is illustrated in Fig. S1B. Since various distance metrics exist
(e.g., A. Walther et al. (2016)), we compared multiple metrics
(Fig. S1C).

Behavioral Annotations
RDMs were calculated per participant by computing Euclidean
distances between scenes based on the proportion of se-
lected labels—six locomotive actions (e.g., walking, biking,
driving) for affordances, and six object categories (e.g., build-
ings, roads, vegetation). These RDMs were then averaged
across participants to obtain group-level behavioral RDMs.

fMRI data
fMRI-based RDMs were constructed from multivoxel activa-
tion patterns of 20 separate participants viewing the same
90 stimuli (see Bartnik et al. (2025) for details). Activations
were extracted from three scene-selective ROIs: PPA, OPA,
and MPA, identified using separate category localizer scans.
Voxel patterns were averaged across runs and used to com-
pute subject-specific RDMs for each ROI using pairwise Pear-
son correlation distances between images.

DNN feature activations
We extracted layer activations from several pre-trained
deep neural network (DNN) models using the Net2Brain
Python package https://github.com/cvai-roig-lab/
Net2Brain (Bersch et al., 2022). We adopted the same
model and layer selection as described in Bartnik et al. (2025).
We used the layers pre-selected by Net2Brain, and created
RDMs by standardizing the features within each layer (mean
removal and scaling to unit variance) and computing pairwise
distances between the flattened feature activations in each
layer using Pearson correlation distance.

Representational similarity analysis
To compare the EEG responses with behavioral annotations,
fMRI responses and DNN layer feature representations, we
used representational similarity analysis (RSA) (Kriegesko-
rte, 2008). Model RDMs were compared to the ERP RDMs
for each individual participant and at each time point by
computing Spearman’s ρ as proposed by the RSA toolbox
(Kriegeskorte, 2008; Nili et al., 2014) (lower triangle, excluding
the diagonal; Ritchie et al. (2017)). At each time point, one-
sample t-tests were conducted to determine whether the av-
erage correlation across participants differed significantly from
zero. P-values were corrected for multiple comparisons using
fdr correction at alpha level 0.05. To compare peak correla-
tion time points, paired t-tests were used, while independent
t-tests were applied for DNN comparisons. All comparisons
were fdr-corrected across all time-points in the ERP epoch.

Variance Partitioning and Partial correlations
We used variance partitioning via regression to identify the
unique and shared explained variance of each source. There-
fore, we calculated the difference between the variance ex-
plained when all model RDMs were included as independent
variables and the variance explained when all except the cur-
rent model RDM were used as independent variables in a mul-
tiple linear regression model aimed at predicting the variance
in ERP RDMs. Similar results were obtained when controlling
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Figure 2: (A) Time-resolved, across-subject averaged RDM correlations between behavioral annotations and ERPs; shaded
areas indicate standard error of the mean (SEM) across participants. Significant time points (fdr-corrected) are marked with
dots, and vertical dashed lines highlight peak correlation times. (B) Partial correlations between action affordance and ERP
RDMs, controlling for object representations, and vice versa. (C) Time-resolved correlations between ERP and GIST RDMs vs.
locomotive action affordance RDMs. (D) Variance partitioning of action affordance and GIST representations in the EEG signal.

for the number of regressors using a shuffling approach that
preserved model dimensionality by replacing predictor RDMs
with condition-shuffled versions (see Fig. S2). This analysis
was performed for each participant and time point separately.
We then averaged the unique explained variance across par-
ticipants and calculated the standard error of the mean (SEM).
We also computed partial Spearman correlations by setting
various model RDMs as covariates.

For the analyses quantifying the impact of controlling for
fMRI RDMs or DNN RDMs on correlations between the af-
fordance, object and GIST RDMs and EEG responses, we
computed difference curves, whereby we subtracted the par-
tial Spearman correlation time courses from the original cor-
relation time courses. We then computed the Area under the
Curve (AUC) for these difference curves using the trapezoidal
rule for the full ERP epoch (-100ms to 1000ms). AUC values
were compared using paired-sample t-tests for fMRI ROI com-
parisons, and Mann-Whitney U Test for DNN comparisons.

Results

We recorded EEG as human participants viewed 90 real-
world scene images spanning indoor, outdoor man-made, and
outdoor natural environments (Fig. 1A). Participants com-
pleted three task blocks: 1) categorizing scenes on six loco-
motive action affordances (Fig. 1B), 2) identifying objects,
and 3) reporting fixation cross color (control task). To quan-
tify perceived locomotive action affordance and object repre-
sentations, we computed pairwise dissimilarities between the
obtained behavioral annotations, generating representational
dissimilarity matrices (RDMs) for both affordance and object
representational spaces (Fig. 1C). We computed EEG RDMs
based on pairwise dissimilarities between event-related po-
tential (ERP) amplitudes across posterior electrodes recorded
for each scene, at each time point between -100ms to
+1000ms relative to stimulus onset (Fig. 1D). Similar to Bart-
nik et al. (2025), task-based analyses revealed no robust ef-
fects of task instructions on neural responses (see Fig. S3),
so all results reported are based on task-averaged ERPs.

Unique locomotive action affordance
representations emerge around 200 ms

To investigate when locomotive action affordance represen-
tations emerge during visual processing, we correlated the
task-averaged ERP RDMs per time point with the behavioral
RDMs for both locomotive action affordance and objects. The
resulting correlation time courses (Fig. 2A) show that ob-
ject representations emerged relatively early, around 100ms
after image onset, while action affordance representations
emerged later, peaking shortly after 210ms. A paired-sample
t-test comparing peak correlation times across participants
confirmed a significant delay in the processing of locomotive
action affordances relative to objects (t(17) = 2.40, p = 0.028).
To test whether the observed effects were driven solely by a
walking versus non-walking distinction, we also compared a
binary RDM separating these two classes, and found a sig-
nificant peak around 250 ms (see Fig. S4), but the overall
weaker and negative correlations suggest this contrast alone
does not account for the affordance representations.

While these results provide initial evidence of a tempo-
rally distinct representation of locomotive action affordances in
EEG responses, the two behavioral RDMs also show consid-
erable inter-correlation (ρ = 0.60) (similar to our previous study
(Bartnik et al., 2025); see Fig. S1A for a direct comparison).
To better understand the individual contributions of each type
of representation, we computed partial correlations, remov-
ing the shared contribution of the object representational RDM
from the action affordance RDM, and vice versa. Controlling
for object annotations reduces the correlation with action af-
fordance at early time-points but maintains the distinct peak
around 200 ms (Fig. 2B). This peak, along with subsequent
time points, remained significant (all [t >3.59, all p <0.002;
fdr-corrected], indicating processing of unique locomotive ac-
tion affordance-related information. In contrast, controlling for
locomotive action affordances rendered the object correlation
peak at 100 ms insignificant, and also reduced correlations
with object representations at later time points, revealing the
opposite pattern as observed for action affordances.
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