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Abstract

Event-based face detection has attracted significant interest due to the unique advantages
of event cameras, including high temporal resolution, high dynamic range, and low power
consumption. However, the lack of annotated public datasets remains a major challenge
for training effective event-based face detection models. In this paper, we propose a
spiking feature-driven synthetic event generation framework that utilizes a spiking neural
network (SNN) in conjunction with a pretrained convolutional backbone to generate
synthetic event representations from a single RGB image. To incorporate motion-induced
ON/OFF polarity information, we introduce a movement-aware polarity integration (MPI)
module that assumes four directional facial movements. An event-similarity score is
further employed to select representations most consistent with real event data for training.
Unlike conventional approaches relying on video-based simulators, our method enables
efficient synthetic event dataset construction without requiring video inputs or additional
simulation training. Experimental results on the N-Caltech101 dataset demonstrate a face
detection accuracy of 99.91%, outperforming existing event-based face detection methods.

Keywords: event camera; synthetic event generation; spiking neural network; spiking
feature; event polarity generation; face detection

1. Introduction

Neuromorphic cameras, also known as event cameras, are next-generation image
sensors that operate asynchronously, unlike traditional frame-based RGB cameras [1,2].
Event cameras detect brightness changes at each pixel independently, generating event
streams at extremely high speeds [1,2]. These event streams contain information on time,
pixel location, and polarity of the brightness change. The key advantages of event cameras
include low power consumption, as they only generate data when there is a change
in brightness, and their ability to produce high-quality images in both dark and bright
environments due to their sensitivity to brightness changes. Additionally, event cameras
capture data at very short time intervals, making them ideal for accurately tracking fast-
moving objects without motion blur [3,4]. Their ability to process data in real-time allows
for low-latency response. As a result, event cameras have garnered significant attention in
computer vision tasks related to mobility [5,6], robotics [7,8], and mixed reality [9-11].

Research on event-based face detection remains in its early stages compared to frame-
based methods. While many object detection studies [12,13] have explored the advantages
of event cameras, face detection has received relatively less attention. Most event-based
studies have focused on tasks like blink detection [14,15], drowsiness detection [16], and
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facial expression recognition [17]. For blink detection, ref. [14] applied Gaussian tracking
on raw event streams, while ref. [15] converted event streams into event frame images
and detected faces and eye regions, followed by pixel-based blink detection. Drowsiness
detection [16] employed a support vector machine to analyze hand-crafted features, and
ref. [17] generated a facial expression dataset.

Challenges in event-based face detection include the scarcity of public training datasets
and the sparse nature of event images, which complicate manual annotation. For example,
ref. [16] collected a real event dataset from 26 subjects in a vehicle, while refs. [15,17] used
video-based simulators [18] to convert RGB videos into synthetic event streams. However,
public face video datasets are limited, and annotating these datasets is labor-intensive. A
style transfer-based method [9] generates synthetic event frames from a single image, but
this approach doesn’t fully capture the characteristics of real event data.

In this paper, to address the lack of annotated event training datasets, we propose
a spiking feature-driven synthetic event generation framework using a spiking neural
network (SNN) as shown in Figure 1. Given a static RGB image, feature maps are first ex-
tracted using a pretrained convolutional backbone and subsequently processed by a Leaky
Integrate-and-Fire (LIF)-based spiking layer to obtain sparse binary feature activations that
better align with the characteristics of real event streams. To further approximate motion-
induced polarity variations from a single static image, we introduce a movement-aware po-
larity integration (MPI) module that assumes horizontal and vertical facial movements and
integrates positive and negative spike responses accordingly. Finally, an event-similarity
score is computed using a style similarity metric against a real DAVIS 346 anchor event
image to select the most event-like spiking feature maps. The selected representations are
then used as synthetic training samples for a RetinaFace-based face detector [19]. The main
contributions of this work are as follows:

Spiking Features Spiking Features Spiking Features
(Negative Polarity) (Negative Polarity) (MPI)

RGB

Real Event

Figure 1. Examples of an RGB image and a real event image (left), along with synthetic event-like
representations generated from the RGB image using spiking features (right). The generated spiking
representations are utilized as synthetic training samples for event-based face detection.

¢  The primary contribution of this work is the introduction of a spiking feature-driven
synthetic event generation framework that employs a Leaky Integrate-and-Fire (LIF)-
based spiking neural layer to convert continuous deep convolutional features into
sparse binary representations from a single static RGB image, without requiring video-
based event simulators or additional event-simulation training while preserving RGB
face annotations.
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*  We propose a movement-aware polarity integration (MPI) module that reconstructs
motion-consistent event polarity by integrating positive and negative spike responses
under assumed horizontal and vertical facial movements.

*  We introduce an event-similarity score based on a style similarity metric against a
real event anchor image to select event-like spiking feature maps and construct a
large-scale synthetic training dataset.

*  Extensive experiments on the N-Caltech101 Face dataset [20] validate the effectiveness
of the proposed spiking synthetic event training pipeline.

2. Related Works
2.1. Event-Based Face Detection

Face detection refers to the task of estimating face bounding boxes without relying
on predefined scale and position priors. As one of the most researched areas in computer
vision, frame-based face detection has evolved from simple handcrafted feature-based
methods to modern deep learning approaches. After early methods like Haar-like features
with an AdaBoost classifier [21,22], the advent of deep learning networks led to significant
performance improvements in both object detection [23-25] and face detection [19,26,27].
Face detection faces several challenges related to variations in scale, pose, occlusion, ex-
pression, makeup, illumination, and blur, among others. To address these challenges,
extensive research has been conducted. Earlier two-stage methods [28,29], which separate
the classification and box regression tasks, were commonly used in face detection. How-
ever, recent state-of-the-art methods have shifted towards one-stage designs [19,27,30],
where face classification and box regression are handled in a single pass, resulting in faster
performance. To further improve multi-scale face detection, many of these methods utilize
feature pyramids [31], which extract features from different layers of the network and
combine them to improve detection across multiple scales.

Compared to frame-based face detection, research on event-based face detection
has been relatively limited. Most event-based detection studies have focused on static
objects [12,13], while event-based face detection remains underexplored. One major reason
is that event-based face detection presents unique challenges because the human face is
a deformable object that undergoes continuous changes. Since event cameras only detect
changes in pixel intensity, this challenge becomes even more pronounced. The dynamic
nature of facial features, including eye movements, changes in facial expressions, occlusions,
makeup, lighting, and pose, makes accurate face detection in event-based systems more
difficult [9,11]. Most existing research has focused on blink detection [14,15] due to the
advantage of event cameras in capturing rapid movements. One approach uses a Gaussian
tracker to detect eye blinking from raw event streams, focusing solely on blinks without
addressing other facial feature detection [14]. Another method [15] applies the GR-YOLO
network for high-precision face and eye region detection, though this study relied on
synthetic event data generated by the ESIM event simulator [18]. Drowsiness detection [16]
has also been explored, where a support vector machine (SVM) classifier [32] was used for
drowsiness detection, but accuracy for face or eye detection was not evaluated. Similarly,
work in event-based facial expression recognition has not assessed the accuracy of face, eye,
or pupil detection using actual event cameras [17].

2.2. Synthetic Event Generation

A widely adopted technique to address the challenges in event camera dataset gen-
eration is to project frame-based public datasets [33-35] onto an LCD monitor and then
record the projected images using a real event camera [20,36]. This can be accomplished by
either physically moving the event camera [20] or by manipulating the displayed images
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on the monitor [36]. The latter approach, involving the movement of the on-screen image,
offers the advantage of eliminating the need for additional equipment while still producing
data that closely resembles well-established frame-based datasets. For example, using an
event camera like the DVS 128 sensor [2], this method can create datasets well-suited for
assessing performance in event-based object classification. When it comes to public face
datasets, however, the availability is much more restricted. Moreover, the few datasets that
do exist often lack detailed annotations [17,20], making it even more difficult to develop
robust face detection models for event cameras.

To address the scarcity of event training datasets, several studies have focused
on developing event simulators that convert RGB video datasets into synthetic event
streams [18,37,38]. Simulators like ESIM [18], v2e [37], and Vid2E [38] generate events
by detecting changes in pixel intensity between frames. These DVS simulators model
event generation by calculating the relationship between pixel intensity variations and a
triggering threshold. For instance, ESIM [18] and Vid2E [38] employ a Gaussian-distributed
threshold to simulate spatially varying noise. Additionally, simulators like v2e [37] incor-
porate shot noise into the event model. However, these techniques require a large amount
of RGB video datasets with face annotations. Public face video datasets are scarce, and
most do not provide the necessary annotations. Furthermore, manually annotating video
datasets is extremely labor-intensive. As a result, event camera-based face and eye detection
algorithms often struggle with the lack of adequately annotated training databases.

To overcome the challenges of RGB video dataset-based synthetic event generation,
some studies have proposed methods to translate a single RGB image into an event image
using image-to-image translation [9]. One such method is an adaptive Styleflow algo-
rithm [39], which generates synthetic event images from a single RGB frame [9], rather
than relying on traditional video-based event simulators. This approach assigns the event
style to the RGB image and transforms it into an event-style image, allowing the direct
use of face annotations from RGB frame images, making it highly efficient for face and eye
detection. However, this method does not fully capture the asynchronous characteristics of
real event data. Additionally, using a style transfer algorithm [39] to generate the synthetic
event dataset is a time-consuming process, as generating 70,000 synthetic event images
took three days on an NVIDIA RTX 3090 GPU [9]. They primarily focus on visual texture
rather than the inherent asynchronous, sparse properties of real event data.

Recently, SNNs have gained attention for their structural similarity to event cameras, as
they process information using discrete, sparse spikes rather than continuous values. While
SNNss are inherently suited for neuromorphic data, their application in generating synthetic
events from static RGB images has been underexplored. In this work, we utilize an LIF-
based SNN layer to convert continuous deep features into sparse binary representations
that better align with real event characteristics. Combined with the MPI module, this
approach enables efficient synthetic event generation from static RGB images without
requiring video data or additional training.

2.3. Event-Similarity

Traditional perceptual metrics like PSNR (Peak Signal-to-Noise Ratio) and SSIM
(Structural Similarity Index) [40] are typically used for tasks like denoising and super-
resolution, where the original and processed images are expected to have nearly identical
structures. These metrics work well for measuring pixel-wise similarity and structural
integrity in tasks where high-frequency details are restored [40]. However, PSNR and SSIM
fall short when comparing real event data with synthetic event images generated from RGB
frames. In these cases, the structure of the event image can be significantly different from
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the RGB image because the real event images were captured from actual subjects, while the
RGB images were taken from public datasets.

Given this limitation, we turned to metrics [41,42] used in style transfer algorithms
[39,43,44], which are designed to evaluate how well one image replicates the style of
another, even when their structural content differs significantly. These metrics [41,42] focus
on the perceptual similarity between images, including aspects like style and texture, rather
than structural alignment. They are widely used in style transfer and image generation
tasks to assess how well one image mimics the artistic style or texture of another, even if the
content is different. For example, Learned Perceptual Image Patch Similarity (LPIPS) [42] is
employed for filtering collections of images [42], while Fréchet Inception Distance (FID) [41]
can detect overfitting in Generative Adversarial Networks (GANSs) [45], or be used to
compare the sensitivity of different GAN models to hyper-parameters [46]. By focusing
on these style-similarity metrics, our proposed event-similarity measure quantitatively
evaluates the similarity between deep features extracted from RGB images and real event
data, even when their structures differ.

3. Method
3.1. Overall Framework

Our proposed event-based face detection framework involves synthetic event gener-
ation from a single RGB image, deep feature selection via our proposed event-similarity
score, and event-based face detection training. First, a single RGB frame image is passed
through the first convolutional layer of a pretrained deep neural network, VGG-16 [47].
These initial layers capture edges and textures, preserving the shape structure of the orig-
inal image. However, continuous deep features fundamentally differ from the discrete,
asynchronous nature of real events. To bridge this domain gap, the extracted continuous
features are passed through an SNN equipped with LIF neurons, converting them into
highly sparse, binary spiking representations. Subsequently, to simulate the dynamic
properties of real event cameras, we introduce the movement-aware polarity integration
module. The MPI module synthesizes positive and negative polarities under assumed
multi-directional facial movements. Finally, the most realistic synthetic event images are
selected using our proposed event-similarity score and utilized to train the RetinaFace [19]
model from scratch. The overall process for generating the synthetic training dataset is
illustrated in Figure 2.

3.2. Spiking Feature Generation via SNN

To approximate the sparse activation characteristics of real event cameras, we intro-
duce an SNN layer following a pretrained convolutional backbone. Given an input RGB
image I, deep features F are first extracted via the initial convolutional layer of a pretrained
VGG-16 [47]. We employ the LIF neuron model to convert continuous deep feature maps
into discrete spike responses. The continuous-valued deep features are accumulated as
membrane potentials in LIF neurons, and when the potential exceeds a predefined thresh-
old, a binary spike is generated, and the membrane potential is reset. The resulting binary
spike map is denoted as S € {0, 1}*W, where S(x) = 1 indicates a spike firing at spatial
position x. Through this integrate-and-fire mechanism, dense convolutional features are
converted into sparse binary spiking feature maps that better align with the spatial sparsity
and discrete nature of real event data without requiring video-based simulation.
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Figure 2. Overall process of SNN-based synthetic event dataset generation. Deep features extracted
from a single RGB image are converted into binary spike responses using a LIF-based spiking layer,
followed by polarity integration via the proposed MPI module. Synthetic training samples are then
selected using the event-similarity score.

3.3. Movement-Aware Polarity Integration

While the SNN layer provides structural sparsity, real event cameras also generate
distinct positive (ON) and negative (OFF) polarities depending on object motion and
brightness gradients. Since our method extracts features from a single static RGB image,
approximating motion-induced polarity variation is necessary to enhance the event-like
characteristics of the synthetic representations. To achieve this, we propose the movement-
aware polarity integration (MPI) module, as shown in Figure 3.

The MPI module takes this binary spiking feature map and assumes four primary
directional facial movements: horizontal (left, right) and vertical (up, down). We define the
set of displacement vectors as:

M= {(11,0), (—1’1,0), (0,1’1), (O,—Vl)} (1)

where 1 denotes the shift magnitude in pixels.

For each assumed movement direction m € M, polarity-specific spike maps are
spatially shifted to simulate motion-induced brightness changes. Specifically, the positive
(ON) polarity map is generated by shifting the spike map along the movement direction:

Sm(¥) = S(x —m) )
while the negative (OFF) polarity map retains the original spike positions:
57 (x) = S(x) (©)

Note that S~ is defined independently of m, as the negative polarity represents brightness
decrease at the original position regardless of movement direction.
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During this process, overlapping regions between positive and negative polarity
responses may occur, i.e., pixels where S (x) = 1and S~ (x) = 1 simultaneously. To resolve
polarity conflicts in these regions, we employ a sigmoid-based probabilistic selection. The
selection probability is designed such that the shifted positive polarity dominates in regions
along the assumed movement direction, while the original negative polarity is preserved
on the opposite side. Specifically, the probability of selecting the positive polarity at pixel x
is defined as:

PpoS(x) = U(k ’ dm(x)) (4)

where ¢ denotes the sigmoid function, dm (x) is the normalized spatial distance along the
movement-aligned axis from the image center, ranging from —1 to 1, and k is the steepness
parameter that controls the sharpness of the transition.

Using the above definitions, the synthetic event map En, for a given direction m is
determined as:

+1 if SE(x)=1and S~ (x) =0
-1 ifSH(x)=0and S~ (x) =1
Em(x) = 5)
+1 W.p. Ppos(x), —1 otherwise if Sf(x) =1and S~ (x) =1
+1 w.p. r/2, 0 otherwise if SE(x)=0and S~ (x) =0

where the last case introduces salt-and-pepper noise at ratio r in background regions to
emulate intrinsic background activity observed in dynamic vision sensors.

Polarity Selection

P(W) 0.5 P(B)

,.f-"’(\ [
(b)

Figure 3. Movement-aware polarity integration. Positive polarity (a), which is shifted to the left

relative to negative polarity (b), and the original negative polarity are combined via sigmoid-based
polarity selection, producing the integrated result (c).

Based on these assumed movements, the MPI module assigns positive polarity (bright-
ness increase) to the leading edges and negative polarity (brightness decrease) to the trailing
edges. This process is performed independently for each of the four directions, yielding a
set of four synthetic event maps Esyn = { Em }me from a single input image. All four di-
rectional event maps are used as training samples, effectively augmenting the dataset by
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a factor of four while preserving facial structures with ON/OFF polarity characteristics
consistent with real event streams.

3.4. Event Similarity

To quantitatively measure the similarity between our synthesized event features Esyy,
and real event images X, captured by event cameras, classical perceptual metrics like PSNR
or SSIM [40] are generally inconsistent with human perception [48]. Furthermore, due to
operational differences and slight variations in sensor positioning, capturing identical shape
structures between RGB and event cameras is extremely difficult. Therefore, our primary ob-
jective is to select synthetic spiking features that best reflect the unique characteristics of event
images based on appearance and texture style, rather than exact shape matching. We utilize
similarity metrics commonly employed in neural style transfer: Fréchet Inception Distance
(FID) [41] and Art Fréchet Inception Distance (ArtFID) [48], which incorporates Learned
Perceptual Image Patch Similarity (LPIPS) [42]. The FID [41] measures style similarity and is
formulated as follows:

1
FID(Xer Esyn) = ||,ue — Hsyn | |% +Tr (Ze + Z‘4syn - Z(Zezsyn)z) (6)

where (e, Ze) and (psyn, Lsyn) represent the mean and covariance of the Inception features
of the real event image X, and the synthetic event image Es;,, respectively.
ArtFID combines style and content preservation to assess overall perceptual content.
ArtFID is calculated as:
L aix(® g
N Zd(Xc /Esyn)> ’ (1 +FID(X€/ Esyn)) 7)
=1

1=

ArtFID(Esyn, Xc, Xe) - ]. + (

where X, represents the original RGB frame image, d denotes the perceptual distance
in LPIPS [42], and N is the number of images used to compare similarity. Using these
style-similarity metrics, we compute the event-similarity score to construct a highly realistic
synthetic event training dataset.

3.5. Event-Based Face Detection

The synthetic event features selected via the event-similarity score are used as the
training dataset for event-based face detection based on the practical single-stage face
detector, RetinaFace [19]. RetinaFace is a joint learning-based algorithm that detects face
bounding boxes and simultaneously identifies five key facial landmarks. Using the publicly
available RGB dataset CelebA [49], which includes annotation information, we extracted
spiking features, integrated polarities via MPI, and selected those with high similarity to
a real event anchor image. Because our pipeline perfectly preserves spatial dimensions,
no additional bounding box annotation is required. RetinaFace’s network architecture
comprises the backbone network (MobileNet [50]), the feature fusion pyramid, and the
context module [19]. We trained the model based on this framework, performing training
from scratch using our synthetically generated spiking event dataset, thereby validating
the robustness and efficiency of the proposed generation pipeline.

4. Experiments

4.1. Experiment Setup
4.1.1. Implementation Details

For the convolutional backbone, we utilized pretrained network models—VGG-
16 [47] and ResNet-50 [51], trained on ImageNet [52]. For spiking feature formation,
the LIF neurons were configured with a membrane decay parameter of 2.0, a firing
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threshold of 1.5, and time steps of 8, with the initial membrane potential set to zero.
Other implementation details followed the default configuration of the LIF module in
the snnTorch library. In the MPI module, the pixel shift magnitude n was set to 5, the
steepness parameter k of the sigmoid-based probabilistic selection was set to 5.0, and
the salt-and-pepper noise ratio r was set to 0.02. The event-similarity score metrics used
were FID [41], LPIPS [42], and ArtFID [48]. Synthetic feature representations exhibit-
ing the highest similarity to a real event image captured by a DAVIS 346 sensor (iniVa-
tion AG, Zurich, Switzerland) [53] were selected for training. Face detection training
was conducted on a PC running Ubuntu 20.04.6 LTS, equipped with an Nvidia RTX
4090 GPU (24 GB). Learning from scratch training strategy was employed, with the
input image size set to 640 x 640, batch size set to 160, and training conducted over
300 epochs. The other parameters were set as follows: an SGD optimizer with a learning
rate of 0.001, momentum of 0.9, and a gamma value of 0.1.

4.1.2. Datasets

For synthetic event image generation from RGB inputs, we utilized 5000 images
selected from the CelebA dataset [49], which contains approximately 200,000 face images
from 10,000 individuals. These images were used for spiking feature generation and
ranked based on their similarity to a real event image captured using a DAVIS 346 event
camera [53]. The highest-ranked spiking feature representations were then processed by
the MPI module, which assumes four primary motion directions (left, right, up, and down),
resulting in the generation of 20,000 synthetic event images for face detection training. The
generated synthetic event images were resized to 640 x 640 for consistency during training.

To validate the effectiveness of our synthetic event generation method for event-based
face detection, we used the publicly available N-Caltech101 dataset [20] as a benchmark.
We utilized 3458 face images from N-Caltech101, comprising 100 object classes, including
the face category. The dataset was created by displaying frame-based RGB datasets [33] on
an LCD monitor and capturing the data with a real event camera, Prophesee Gen3 ATIS [54],
generating event data for each class. For the N-Caltech101 dataset, we processed the raw
event data by accumulating event streams within a 30 ms time window to generate single-
event frame images. Each pixel in these frames represents either a positive or negative event
polarity, or no event. Since the dataset does not include face bounding box annotations,
detection accuracy was determined by considering detections successful if they covered
more than 70% of the face region.

4.2. Experimental Results
4.2.1. Synthetic Event Generation Evaluation

In Table 1, we present the event-similarity scores for the top three spiking feature-
based synthetic event images, where VGG-16 was used as the pretrained CNN. The best
result was obtained from the 28th channel of VGG-16’s first convolution layer, after passing
through the SNN (LIF) and MPI modules, achieving the lowest scores across all three
metrics: ArtFID [48], FID [41], and LPIPS [42]. Lower values indicate higher similarity to
real event images, and Table 1 displays the results in ascending order based on ArtFID.
The top 3 spiking deep features exhibit noticeable similarities to real event images with
varying levels of sparseness, reflecting the asynchronous nature of event data and making
them suitable for face detection training. Figure 4 illustrates the synthetic event generation
process, comparing the original RGB image, deep features from the first convolutional layer
of VGG-16, spiking representations after the SNN LIF filter, and the final MPIl-integrated
output with real event images.
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Table 1. Quantitative Comparison of Event-Similarity Scores on Synthetic Event Representations.
The best results are highlighted in bold. The downward arrow indicates that lower values are better.

Selected Conv1 Channel ArtFID | FID | LPIPS |
28 38.69 22.57 0.641
18 40.01 22.81 0.680
48 43.34 23.95 0.737

\ é;
NS

= ":It .’..-' !..J g
PN

Deep Spiking Real Event
Feature Feature Feature
+ MPI

Figure 4. Visual comparison of each stage in the proposed pipeline and real event images.

4.2.2. Event-Based Face Detection Evaluation

To assess the effectiveness of the proposed synthetic event image generation based on
spiking features as a training dataset, we evaluated our RetinaFace-based face detector [19],
which was trained from scratch. The detector’s performance was tested on real event
camera datasets, the public N-Caltech101 dataset [20]. Out of 3458 face images from the
N-Caltech101 dataset, our method successfully detected 3455 faces, yielding a detection
accuracy of 99.91%, with only 24 missed detections. Figure 5 illustrates the detection results
from N-Caltech101.

Figure 5. Face detection results on N-Caltech101 [20], with red boxes marking detected faces. Each

row shows the same person while the event camera was moved to generate different event streams.
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4.3. Ablation Study and Discussion
4.3.1. Ablation Study

Our proposed method integrates two key components: SNN-based spiking features
and Movement-aware Polarity Integration (MPI). We conducted an ablation study on the
N-Caltech101 dataset [20] to verify the effectiveness of each component as shown in Table 2.
The baseline, a face detector trained with deep features from the first convolution layer
of VGG-16, achieves 99.30% accuracy. When only the SNN (LIF) module is applied, the
accuracy slightly decreases to 98.88%, suggesting that spiking activation alone introduces
excessive sparsity without compensating polarity information. However, when the MPI
module is additionally applied, the accuracy increases to 99.91%. This demonstrates that
polarity information plays a critical role in event-based representations, and the proposed
MPI module effectively leverages it to improve detection performance.

Table 2. Ablation Study on the Primary Components of the Proposed Method. The best results are
highlighted in bold. A checkmark indicates that the corresponding component is included.

Model SNN MP1 Accuracy (%)
Baseline (CNN Deep Feature) 99.30
Single Polarity v 98.72
Ours v v 99.91

4.3.2. Comparison with Existing Methods

We conducted a comparison on the N-Caltech101 dataset [20], where our proposed
method achieved an accuracy of 99.91% in event-based face detection. Lenz et al. [14]
proposed a blink-based face detection method using the Prophesee Gen3 ATIS camera and
reported an accuracy of 59%. Their approach relies on Gaussian tracking and a blink model,
which is effective when blink events are present; however, motion in the surrounding
scene may interfere with blink detection, potentially affecting face detection performance.
Ryan et al. [15] achieved 90% face detection accuracy and 88.93% blink detection accuracy
using a GR-YOLO network trained on synthetic event data generated from RGB video
streams via the ESIM simulator [18]. However, the use of transformation-based video
synthesis from static RGB images may limit motion diversity in the generated event data.
Kang et al. [9] reported 99.4% accuracy by converting single RGB images into event-style
representations using a style transfer approach. However, generating 70,000 synthetic
event images required three days on an NVIDIA RTX 3090 GPU, and the evaluation was
conducted on a limited test set of 1000 images from two subjects.

As an additional comparison, we evaluated previous SNN-based approaches [55-57]
designed for object classification on the N-Caltech101 dataset. These methods reported
classification accuracies below 80% across all object categories and did not provide separate
results for the face class. In contrast, our approach specifically targets face detection and
achieved an accuracy of 99.91% on the face category. For further evaluation, we also tested
the event-style generation method proposed in [9] on N-Caltech101, obtaining detection
accuracies of 56.15% with training from scratch and 86.23% with full fine-tuning. Detailed
comparisons are provided in Table 3.

To further evaluate computational efficiency, we compare the proposed method with
the approach in [9]. As shown in Table 4, the method in [9] requires approximately
72 h to generate 70,000 synthetic event images using an NVIDIA RTX 3090 GPU. In con-
trast, our method generates 80,000 synthetic event images in 21 min using only a CPU,
achieving a significant speedup in image generation throughput. This demonstrates that

https:/ /doi.org/10.3390/ electronics15071420


https://doi.org/10.3390/electronics15071420

Electronics 2026, 15, 1420

12 of 16

the proposed framework is highly efficient and practical for large-scale synthetic event
dataset construction.

Table 3. Quantitative Comparisons of Face Detection Results. The best results are highlighted in bold.

Method Dataset Users Detection Classification Other
Lenz et al. [14] 10 59% - Blink Detection: 59%
Ryan et al. [15] self-collected 3 90% - Blink Detection: 88.93%
Kang et al. [9] 2 99.40% - Pupil Align: 97.20%
Zheng et al. [55] - 79.47% All Classes
Fang et al. [56] N-Caltech101 185 - 78.20% All Classes
Zhou et al. [57] - 72.83% All Classes
Kang et al. [9] 86.23% - Face Class
Ours N-Caltech101 385 99.91% 99.91% Face Class

Table 4. Computational efficiency comparison for synthetic event image generation. The proposed
method achieves a ~235x speedup over Kang et al. [9], operating entirely on CPU.

Method Generated Synthetic Images Total Time Hardware
Kang et al. [9] 70,000 72h RTX 3090
Ours 80,000 21 min CPU only

4.3.3. Discussion and Future Work

To further analyze the characteristics of the proposed synthetic event representations,
we conduct a distribution-level analysis as shown in Figure 6. CNN-based deep features
exhibit a continuous pixel value distribution, which fundamentally differs from real event
camera outputs that only produce discrete ON (+1) and OFF (—1) events asynchronously,
with the majority of pixels remaining inactive. In contrast, the proposed method natu-
rally produces discrete bipolar outputs through SNN-based spiking activation, yielding
a representation structurally consistent with real event data. Furthermore, the proposed
method shows a polarity ratio (88.9% background, 5.7% ON, 5.5% OFF) closer to that
of real N-Caltech101 events (78.0% background, 11.2% ON, 10.7% OFF), confirming that
the proposed approach better reflects the statistical characteristics of real event streams.
To further examine the robustness of the proposed event-similarity-based feature selec-
tion, we evaluate the effect of using multiple anchor images with varying event densities.
Specifically, we collect 275 real event frames captured by a DAVIS 346 sensor and select
five representative anchor images covering a wide range of event densities (2.30%, 3.28%,
5.04%, 5.36%, and 6.96%). For each anchor image, we independently perform ArtFID-based
feature ranking. As shown in Table 5, the top-2 selected channels remain consistent across
all anchor selections. These results demonstrate that the proposed feature selection strategy
is robust to the choice of anchor image and is not significantly affected by variations in
event density.

A limitation of the current MPI module is that it assumes simplified motion patterns
limited to four directional movements, which may not fully capture complex real-world
facial motion such as rotation, scaling, and expression changes. Future work will explore
more advanced motion modeling approaches, such as optical flow-based methods, to better
simulate realistic motion dynamics. Another limitation of this study is the use of a single
evaluation metric based on detection accuracy, due to the lack of bounding box annotations
in the N-Caltech101 dataset [20]. Standard object detection metrics such as precision,
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recall, and mAP cannot be directly computed. Future work will focus on developing a
high-quality event-based face detection dataset with reliable annotations to enable more
comprehensive evaluation. Finally, evaluating temporal consistency and polarity accuracy
is not directly applicable in our framework, as it operates on a single static RGB image and
lacks paired RGB-event ground truth. Exploring such evaluation under controlled data
acquisition remains future work.

Table 5. Robustness of ArtFID-based feature selection across anchor images with varying event
densities. The top-2 selected channels remain consistent (28, 18) across all density levels.

Selected Conv1l Channel Selected Conv1 Channel

Event Density Rank 1 Rank 2
2.30% 28 18
3.28% 28 18
5.04% 28 18
5.36% 28 18
6.96% 28 18

1.0 1.04

0.014 4

0.012 4 0.8 0.8

0.0104
0.6 0.6

Proportion
O~
(=3 (=]
(=3 (=3
(=2} ==}

0.4 0.4

0.2 0.2
0.0 0.0
100 150 200 250 OFF (-1) BG (0) ON (+1) OFF (-1) BG (0) ON (+1)
Deepfeature Ours N-Caltech
(CNN) (Real Event)

Figure 6. Pixel value distribution comparison. CNN deep features exhibit a continuous distribution
(left), while the proposed spiking feature with MPI (center) and real event data from N-Caltech101
(right) show discrete bipolar (ON/OFF) distributions with dominant background proportion.

5. Conclusions

In this paper, we proposed a synthetic event-based face detection framework using
SNN-based spiking feature formation and a movement-aware polarity integration module.
By converting continuous deep features into polarity-consistent event-like representations
from a single RGB image, the proposed method enables efficient synthetic event dataset
construction without requiring video-based simulation. Experimental results on the N-
Caltech101 dataset demonstrated a detection accuracy of 99.91%, outperforming existing
event-based face detection approaches. Future work will focus on extending the proposed
framework to fully event-only detection pipelines.

Limitation and Future Work

A limitation of our approach is that it has only been studied with conventional deep
neural networks, not with newer models like Vision Transformers [58] or Diffusion mod-
els [59]. In the future, we plan to investigate these architectures to enhance event-like deep
feature extraction.
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