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Abstract. The interpretability of deep learning models remains a sig-
nificant challenge, particularly in convolutional neural networks (CNNs)
where understanding the contributions of individual filters is crucial for
explainability. In this work, we propose a biologically inspired filter signif-
icance assessment method based on Steady-State Visually Evoked Poten-
tials (SSVEPs), a well-established neuroscience principle. Our approach
leverages frequency tagging techniques to quantify the importance of con-
volutional filters by analyzing their frequency-locked responses to peri-
odic contrast modulations in input images. By blending SSVEP-based
filter selection into Class Activation Mapping (CAM) frameworks such
as Grad-CAM, Grad-CAM++, EigenCAM, and LayerCAM, we enhance
model interpretability while reducing attribution noise. Experimental
evaluations on ImageNet using VGG-16, ResNet-50, and ResNeXt-50
demonstrate that SSVEP-enhanced CAM methods improve spatial focus
in visual explanations, yielding higher energy concentration while main-
taining competitive localization accuracy. These findings suggest that
our biologically inspired approach offers a robust mechanism for iden-
tifying key filters in CNNs, paving the way for more interpretable and
transparent deep learning models.

Keywords: Explainable Al - Interpretability - Neuroscience-inspired
AI - SSVEP - Filter Importance - CAM

1 Introduction

Convolutional neural networks (CNNs) have demonstrated remarkable perfor-
mance across various computer vision tasks, but understanding their decision-
making processes remains a challenge. eXplainable Artificial Intelligence (XAI)
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techniques aim to bridge this gap by offering insights into network activa-
tions [10]. One of the key challenges in XAI is assessing the importance of
individual neurons and filters within deep learning models [20]. Identifying crit-
ical neurons aids in model pruning, robustness analysis, and fairness evaluation,
while also contributing to a deeper understanding of network behavior [37].

In this work, we build upon the Steady-State Visually Evoked Potential
(SSVEP)-based filter assessment framework [5], which draws inspiration from
neuroscience [2,23,25]. SSVEPs describe neural responses to flickering visual
stimuli at fixed frequencies, revealing frequency-specific tuning in biological neu-
rons |[25]. Previous research suggests that CNNs exhibit analogous responses,
enabling a biologically inspired approach to filter selection [5]. This makes
SSVEP-based filter analysis a promising direction for model interpretability.
SSVEP analysis provides a stable measure of convolutional filter importance
by leveraging frequency-domain representation of activations. This ability to
capture fine-grained filter responses allows for precise identification of highly
responsive filters [5]. Most importantly, by aligning with established neuroscience
principles, this approach enhances the plausibility of Al explanations, offering a
biologically grounded perspective on model behavior.

Our method incorporates SSVEP-based importance assessment with Class
Activation Mapping (CAM) techniques, enhancing model interpretability by
refining heatmap localization. Unlike traditional CAM methods [6,14,21,30],
which consider all convolutional filters, our approach selectively focuses on the
most responsive filters. This improves explanation quality by concentrating acti-
vation energy on the most relevant regions while reducing noise from less infor-
mative convolutional filters.

We evaluate our approach on VGG-16 [32], ResNet-50 [13], and ResNeXt-
50 [35] using ImageNet [28]. The SSVEP-enhanced method is applied to Grad-
CAM [30], GradCAM++ [6], EigenCAM |[21], and LayerCAM [14], and its per-
formance is compared against their respective baselines. Our findings demon-
strate that SSVEP-enhanced CAM methods obtain more concentrated and
focused explanations while maintaining competitive localization accuracy. Source
code is available at: github.com/emirhanboge/SSVEP-CAM-Enhancement.

The remainder of this paper is structured as follows: Sect. 2 discusses related
work and background, Sect.3 details our proposed methodology, and Sect.4
presents experimental findings along with an analysis of the results. Finally,
Sect. 5 concludes with key insights and potential future directions.

2 Related Work

2.1 Explainable AI and Model Transparency

The rapid advancements in deep learning have led to significant breakthroughs
in computer vision and decision-making systems. However, the black-box nature
of these models presents a major challenge in critical applications, particularly
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in domains requiring fairness, accountability, and interpretability [1,7,11,12,15,
19,36]. Explainable AI (XAI) methods aim to provide insights into these models’
predictions, making their reasoning more transparent. In vision-based applica-
tions, saliency methods and Class Activation Mapping (CAM) techniques are
widely used to visualize model decisions.

2.2 Saliency-Based Methods and Attribution Techniques

Saliency-based methods highlight the most relevant regions of an input image
that influence a model’s decision. These approaches can be broadly classified
into gradient-based, perturbation-based, and decomposition methods. Gradient-
based approaches, such as Grad-CAM [30] and Integrated Gradients [34], com-
pute the gradient of a model’s output with respect to input features to deter-
mine their importance. Perturbation-based methods, such as LIME [26] and
SHAP [18], approximate model behavior by altering input features and observ-
ing prediction changes. Decomposition techniques, such as Layer-wise Relevance
Propagation (LRP) [3], redistribute the model output back to input features,
ensuring the conservation of relevance.

2.3 Class Activation Mapping (CAM) Techniques

CAM-based techniques provide class-specific visualizations by aggregating fea-
ture importance scores across a model’s activation maps. The original CAM
approach [16,38] computes feature importance using global average pooling but
requires architectural modifications. Grad-CAM [30] extends CAM by incor-
porating gradient information, making it applicable to a wider range of archi-
tectures. Further improvements were introduced with Grad-CAM++ [6], which
refines pixel-wise gradient weighting to improve localization accuracy. Eigen-
CAM [21] introduces principal component analysis (PCA) to derive discrimina-
tive feature representations without requiring gradients. LayerCAM [14] refines
this approach by aggregating activations from multiple layers to improve local-
ization precision. These techniques enable visualization of model focus areas,
providing valuable insights into learned representations. While these CAM-based
approaches enhance interpretability, the challenge remains in rigorously assess-
ing the quality and faithfulness of the produced explanations. Samek et al. [29]
emphasized that visualization methods should be evaluated not only on their per-
ceptual appeal but also on their alignment with model decision-making processes.
Their findings highlight the necessity of grounding interpretability techniques in
well-defined validation frameworks that can systematically determine whether
a heatmap truly reflects the model’s reasoning or merely produces plausible-
looking attributions.

3 Methodology

This section describes our approach to enhancing explainability in CNNs by
utilizing SSVEP analysis for neuron/filter importance assessment. We propose
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Fig. 1. Sinusoidal contrast modulation of an ImageNet image [28]. Left and right halves
are modulated at 6 Hz and 7.5 Hz, respectively, generating 120 flickering frames.
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a method that first identifies the most significant neuron filters using SSVEP-
inspired frequency tagging and then applies CAM techniques using only the most
critical filters.

3.1 Preliminaries: SSVEP-Based Filter Selection for Explainability

The work presented in this paper builds on the SSVEP-based neuron impor-
tance framework [5]. This method quantifies filter significance with a biologically
inspired approach, and leverages frequency tagging to analyze filter activations
under periodic contrast modulations. Analyzing this allows to identify the neu-
rons that exhibit strong phase-locked responses to specific input stimuli.

We follow the SSVEP-based neuron importance setup introduced in [5], which
builds upon frequency-tagging principles from neuroscience [2,4,23,25]. To ana-
lyze neural responses over time, we apply periodic contrast variations to a static
input image using sinusoidal contrast modulation, as visualized in Fig.1. This
process generates a sequence of frames from the same image, where the contrast
is dynamically modulated over time. The contrast of each frame ¢ is adjusted
on the basis of its temporal position within the sequence. Specifically, for each
frame ¢, the modulation angle w; € [0,27] is defined as:

7

wi =27 5pg

+¢ (1)
where f € RT is the modulation frequency, FPS € N is the frame rate, i € N
is the sequential frame index, and ¢ € R is the phase shift, which is set to zero
in our experiments. The method is generic and can be applied to various values
of f and 4. However, in our specific implementation, we use a sequence of 120
frames (i € [0, 119]), with spatially distinct modulation frequencies. Specifically,
following previous work [4], the left half of the image is modulated at fies, = 6
Hz and the right half at fiign = 7.5 Hz.

As shown in Fig. 1, the modulation is applied independently to each pixel,
dynamically adjusting its intensity over time, thereby creating a periodic
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flickering effect. To modulate contrast at each pixel location, we scale the original
intensity values I according to the sinusoidal function:

I <sin(wi) +1

2 (Smax - Smin) + 3min> -1 (2)

where I € RHXW represents the original image intensity values, with H
and W denoting the image height and width, respectively. The parameters
Smax; Smin € R define the maximum and minimum modulation factors, set
t0 Smax = 1.0 and sy, = 0.5 in our experiments. This periodic contrast modu-
lation influences the frequency-specific activations in the network, and allows us
to evaluate filter responses in the frequency domain, motivated by evidence that
neural network exhibit frequency-tuning characteristics analogous to those of
biological neurons [5]. As illustrated in Fig. 1, this process generates a sequence
of 120 frames over a 2-second window at 60 FPS. Each frame is derived from
the same static image, with pixel intensities oscillating according to their modu-
lation frequency. No spatial transformations occur, which ensures that only the
temporal flickering effect is introduced. This controlled contrast modulation is
key to assessing how neurons respond to periodic visual changes. By analyz-
ing how different convolutional filters in a pretrained network respond to these
modulated inputs, we can quantify their frequency selectivity and importance.

These tagged images are forward-passed through a pretrained network, and
the resulting activations of each filter are recorded over time. Later, the frequency
response of each filter is analyzed using Fast Fourier Transform (FFT) to extract
frequency components. To quantify the relevance of each filter, we compute
Signal-to-Noise Ratio (SNR) in the frequency domain, using the FFT magni-
tudes of activations. The SNR at a given frequency f, denoted as SNR(f) € R,
and is computed as follows [8,17]:

F(f)
SNR(f) = —5 (3)
N ke%:( f)F (k)

where F'(f) denotes the Fourier magnitude at the discrete frequency bin f, rep-
resenting the activation strength of a filter at that frequency. The set N'(f) C R
consists of neighboring frequencies used to estimate the noise baseline, and
INV(f)] is the total number of noise bins considered. To further improve numerical
stability, we express SNR in decibels (dB), given by:

SNRag(f) = 101log;o(SNR(f)) (4)

A higher SNR value indicates that the filter exhibits a strong phase-locked
response at the target frequency, which signifies its importance. Finally, as each
convolutional filter produces SNR values across multiple discrete frequency bins,
we summarize these values into a single scalar SNR score for each filter by com-
puting the mean SNR across all frequencies. This metric is then used to rank all
filters within the selected convolutional layers.
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This ranking allows us to ensure that the explanation process is driven by
filters with the strongest responses to specific stimuli. By selectively retraining
only the top-K most responsive filters, we enforce a biologically inspired sparsity
constraint on the explainability process.

3.2 Combining SSVEP-Based Filter Selection Into CAM

After identifying the most important neurons, we combine this information into
the CAM generation process. Unlike traditional CAM methods, which compute
class activation maps using a weighted sum of all convolutional feature maps
based on either global average pooled classification weights [38] or gradient-
based importance scores [30,31], our approach pre-selects only the most relevant
filters based on their SSVEP responses. This ensures that only neurons with
strong, frequency-locked activity contribute to the generated heatmaps, improv-
ing interpretability.

SSVEP-Guided CAM Generation: Traditional CAM techniques [30,31,38]
compute interpretability maps by applying a weighted sum over all activation
maps, where the weighting is determined either by classification-layer coeffi-
cients [38] or gradient-based saliency scores [30,31]. A broad formulation of CAM
is given by:

Meam(z,y) Zkak (2,9), (5)

where Ag(x,y) represents the activation map for the k-th convolutional filter,
and wy, denotes its corresponding importance weight [38].

However, this approach does not distinguish between relevant and irrelevant
filters, potentially introducing noise and reducing interpretability and explain-
ability. Many filters may activate in response to non-discriminative patterns,
leading to scattered or misleading heatmaps [22,33|. To address this, we propose
an SSVEP-guided filter selection strategy, which enhances interpretability and
reduces noise by restricting heatmap computation to the top-K most relevant
filters, ranked based on their SNR-derived importance from Eq. 3:

Mssvep-cam(z,y) = > wpAk(z,y), (6)
kek

where /C is the set containing the indices of the top-K filters identified through
SSVEP analysis. By leveraging SSVEP-based filter selection, our approach
ensures that heatmaps are more concentrated around salient regions, enhancing
interpretability by improving localization and reducing irrelevant activations.
Furthermore, by aligning with neuroscience-inspired principles, SSVEP-CAM
provides a biologically plausible explainability method.
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3.3 Evaluation and Metrics

To validate our method, we conducted various experiments. We compare tra-
ditional CAM methods that use all filters against our SSVEP-enhanced CAM
approach. To assess the quality of the explanations, we use the following metrics.

Energy Concentration (EC): Quantifies how concentrated the CAM
heatmap is in the most salient regions. Similar approaches have been explored in
the evaluation of explainability methods, particularly in assessing the complexity
and focus of neural network visualizations [29]. A higher EC score indicates that
the explanation is more localized, avoiding unnecessary dispersion. It is defined

as:
Zies H;
> jen

where H; € RT represents the heatmap intensity at pixel i, S C {2 denotes the
subset of pixels corresponding to the top 20% highest heatmap intensities, and
{2 is the set of all pixels in the heatmap. Specifically, this metric computes the
proportion of the total heatmap energy that is concentrated within the most
activated 20% of pixels. We expect this to be higher with CAM methods only
using top-K filters, as they generate more concentrated attributions.

While we often observe that higher EC scores visually correlate with more
spatially localized explanations, it is important to note that the EC metric itself
is agnostic to spatial structure. It does not explicitly account for whether high-
intensity pixels are spatially contiguous or scattered. Thus, while we observe
that higher EC values tend to coincide with more spatially compact heatmaps
in our qualitative results, this spatial localization is not guaranteed by the metric
formulation alone. To assess spatial coherence more directly, qualitative visual-
izations are used in conjunction with EC in our evaluation.

EC = (7)

Loc-1 and Loc-5 Localization Accuracy: We evaluate the localization accu-
racy of model explanations using the locl (Top-1) and loc5 (Top-5) metrics
[6,30,38]. These metrics assess whether the most activated region correctly iden-
tifies the target class (locl) or falls within the top five predicted bounding boxes
(loch).

Given a predicted bounding box Banda ground-truth bounding box B, local-
ization accuracy is measured using the Intersection over Union (IoU), defined
as [9]:

. BNB
IoU(B, B) = |BO B (8)

|BU B|
where IoU € [0, 1], with higher values indicating greater spatial overlap. Local-
ization is considered successful in locl if the highest-scoring predicted bounding
box satisfies IoU > 7, where 7 is a predefined threshold (typically 7 = 0.5).
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For loch, at least one of the top five predicted bounding boxes must meet this
criterion:

_IrllaXSIOU(Bh B)>T (9)

Unlike conventional IoU-based evaluation, which measures spatial overlap
between heatmaps and ground-truth annotations [9], locl and loch emphasize
the interpretability of model explanations in classification tasks. These metrics
ensure that the highlighted regions correspond to class-relevant areas rather than
merely overlapping with object boundaries. For a detailed theoretical foundation
of ToU, we refer to [9].

4 Experiments

This section presents a comprehensive evaluation of the SSVEP-enhanced CAM
framework. The proposed methodology is compared against well-documented
CAM techniques across three widely used architectures: VGG-16 [32], ResNet-
50 [13], and ResNeXt-50 [35].

4.1 Experimental Setup

We identify the most relevant convolutional filters using the SSVEP-based fre-
quency tagging method and select the top 100 filters for each model’s explanation
process. This selective approach ensures that only the most functionally signifi-
cant filters contribute to the class activation maps. The final convolutional block
before the fully connected layers is selected for all three models to generate the
explanations as they capture high-level semantic features.

We conduct our experiments on the ImageNet (ILSVRC2012) validation
dataset [28]. A subset of 5000 randomly sampled images is used to ensure diverse
object classes while maintaining computational feasibility. All models used are
pretrained on ImageNet, and are acquired using PyTorch’s torchvision library
[24]. The inputs are normalized using standard ImageNet mean and standard
deviation values.

4.2 Experiment Results

Figure2 presents visual comparisons between the methods. Across different
methods, SSVEP-enhanced CAMs generate more spatially focused explanations
by concentrating activation energy in regions most relevant to classification.
Notably, EigenCAM shows significant improvements in spatial compactness,
which reinforces our hypothesis that selecting functionally significant convolu-
tional filters leads to more concentrated explanations.

Table 1 reports the Energy Concentration scores for each model and CAM
method. This metric quantifies how concentrated the activation heatmap is in
specific regions. Previous CAM methods assess their methods using conventional
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Fig. 2. Comparing baseline CAM methods and their SSVEP-enhanced counterparts.

Table 1. Energy Concentration (1) (%) for Baseline and SSVEP CAM Methods,
reported as mean + standard deviation across 5000 validation samples.

Algorithm VGG-16 ResNet-50 ResNeXt-50

Baseline SSVEP Baseline SSVEP Baseline SSVEP
GradCAM  47.50 +8.26 |53.91 +11.0545.24 + 6.49/44.31 £ 7.12 |42.02 + 5.63/39.39 + 5.34
GradCAM++{39.18 £ 4.92 |44.89 + 10.19(39.31 £ 4.87 [42.68 £ 7.17 |39.21 4+ 4.06/38.56 & 5.04
EigenCAM  62.79 £+ 17.33/69.50 & 13.52/49.90 4 11.48/54.37 + 11.6841.81 + 7.28 |44.72 £+ 7.60
LayerCAM  146.63 £7.95 47.09 = 8.00 45.66 & 8.55 |46.48 +9.01 44.27 +7.46 44.75+ 7.65

metrics such as general alignment (e.g., IoU [9]) or impact on classification (e.g.,
ROAD [27]). Energy Concentration provides a direct measure of how focused an
explanation is.

SSVEP-enhanced CAMs achieves higher Energy Concentration scores, which
indicates that the activation energy is more focused. This confirms that select-
ing most responsive neurons enhances localization while reducing irrelevant
activations. While localization accuracy measure overlap with ground-truth

Table 2. Localization Accuracy (1) for Baseline and SSVEP CAM Methods.

Algorithm Prediction Level VGG-16 ResNet-50 ResNeXt-50
Baseline[SSVEP [Baseline SSVEP Baseline[SSVEP
GradCAM locl 19.76% 17.04% (18.52% 18.92%|18.28%|18.12%
loch 24.50%/21.16% [22.64% 23.14%22.18%|(21.86%
GradCAM++|locl 17.44%16.72% (18.72% 19.90%(18.12% 18.52%
loch 21.54%/20.66% [22.80% 24.22%)21.62% |22.32%
EigenCAM  |locl 21.28%/19.00% [25.06% (26.12%(21.72% (22.78%
loch 25.78%22.78% 129.92% |31.14%25.88% |27.24%
LayerCAM  |locl 21.84% (22.00% 23.14%(23.08% |22.52%|22.26%
loch 26.52% 26.94%|28.16%(28.06% |27.04%/26.82%




Biologically Inspired Filter Significance for Model Explanation 431

annotations, it does not account for the scattering of attributions. A heatmap
may achieve a high IoU but it still can distribute energy across irrelevant areas.
Therefore, it is important to find a balance between Energy Concentration and
localization accuracy.

Table 2 presents localization accuracy results for each model and CAM
method. Higher localization accuracy indicates a better match with human-
annotated regions, and it does not necessarily reflect how precisely focused the
explanation is. This distinction explains why SSVEP-enhanced CAMs do not
always achieve higher localization accuracy in every case. However, they remain
comparable to their baseline counterparts, and in some cases they even surpass
the standard CAM methods despite utilizing only a subset of the all convolu-
tional filters. This reinforces the idea that many activations may be redundant
or even introduce noise for visual explanations.

4.3 Discussion

The results show that SSVEP-enhanced CAMs produce more focused and spa-
tially compact explanations across multiple architectures. Higher Energy Con-
centration scores confirm that these methods reduce scattered attributions. This
provides evidence that selecting only the most functionally significant filters
improves interpretability by reducing noise from irrelevant activations.

Furthermore, localization accuracy results show that SSVEP-based filtering
does not always achieve higher alignment with human-annotated ground truths.
While some methods maintain or even improve locl and loch scores, others expe-
rience slight drops, particularly on VGG-16. Importantly, the most improvement
in Energy Concentration score is seen on VGG-16 as well. This suggests that
optimizing for focus and compactness sometimes comes at the cost of complete-
ness in object localization. The trade-off between Energy Concentration and
localization accuracy highlights the need for a balanced approach in evaluating
explainability methods.

Variations in results across architectures indicate that model-specific charac-
teristics can influence the impact of SSVEP filtering. For instance, ResNeXt-50
shows a more moderate gain in Energy Concentration compared to VGG-16 and
ResNet-50, which suggests that the benefits of filter selection depend on how
distributed a model’s feature representation is.

Another limitation of our study is the scope of the evaluation dataset. All
experiments were conducted on a subset of the ImageNet validation set consist-
ing of 5000 randomly selected images. While this subset ensures class diversity,
it does not capture the full variability of the dataset or test cross-dataset gener-
alizability. A more comprehensive evaluation across multiple datasets is needed
to robustly assess the general applicability of SSVEP-based filter selection.

It is also important to acknowledge that the three networks differ substan-
tially in capacity: VGG-16 contains significantly more parameters than ResNet-
50 and ResNeXt-50. Despite using the same number of top filters across models,
this design choice may not normalize for architectural differences, potentially
leading to performance disparities. A percentage-based selection strategy—e.g.,
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retaining the top K% of filters per model could offer a fairer baseline across
architectures. While this remains an open avenue for future work, we acknowl-
edge that such a strategy may yield more consistent results and help disentangle
architecture-specific effects.

These results underscore the importance of Energy Concentration as a com-
plementary metric for evaluating explainability. While existing benchmarks
primarily assess interpretability through localization accuracy or classification
impact, our findings suggest that the spatial precision of attributions is equally
critical. A more focused heatmap reduces ambiguity in model decision-making
and offers better insights.

In summary, incorporating additional constraints to balance localization
accuracy with Energy Concentration could further improve CAM-based expla-
nations. Exploring different filter selection strategies across architectures may
help optimize the trade-off between focus and completeness. These insights pro-
vide a strong foundation for improving model interpretability while maintaining
practical usability across different architectures and datasets.

5 Conclusion

Our results demonstrate that SSVEP-based filter selection enhances the focus
and interpretability of CAM-based explanations without significantly compro-
mising localization accuracy. By concentrating activation energy in the most rele-
vant regions, this method reduces noise and improves the clarity of attributions.
While performance gains vary across architectures, the overall improvements
in Energy Concentration suggest that selective filter activation is a promising
direction for refining explainability methods. Future work could explore dynamic
selection mechanisms that adapt to different network architectures and tasks,
further optimizing the trade-off between focus and completeness in visual expla-
nations.
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