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Abstract

Predicting potential collisions with leading vehicles is a fundamental capability of au-
tonomous and assisted driving systems. In particular, automatic emergency braking
(AEB) demands reaction times on the order of microseconds. A key limitation of existing
approaches lies in their update rate, which is constrained by the sampling speed of con-
ventional sensors. Event-based Dynamic Vision Sensors (DVSs), with their microsecond
temporal resolution and high dynamic range, offer a promising alternative to frame-based
cameras in challenging driving environments. In this work, we investigate the integration
of DVS into autonomous driving pipelines, focusing specifically on AEB scenarios. Building
on our earlier work, where a YOLO-based detection model was trained on real-world DVS
data, we extend the approach to CARLA’s simulated DVS environment. We publish a
CARLA-compatible 2-channel DVS dataset aligned with our detection model, bridging the
gap between real-world recordings and simulation. Through a series of simulated AEB
scenarios, we demonstrate how DVS enables earlier and more reliable detection compared
to RGB cameras, resulting in improved braking performance.

Keywords: event camera; neuromorphic vision; object detection; autonomous driving;
detection-to-control; simulation

1. Introduction
Conventional frame-based cameras, the backbone of most vision-based perception

systems, struggle precisely under the conditions where safety matters most. In high
dynamic range (HDR) environments—such as exiting a tunnel into bright sunlight or
driving at night under low illumination—their limited dynamic response and fixed-rate
sampling lead to sensor saturation, motion blur, and delayed perception. These weaknesses
critically undermine safety functions in autonomous vehicles such as Automatic Emergency
Braking (AEB), which depend on accurate, low-latency visual feedback to avoid collisions
in high-speed or low-visibility scenarios.

Autonomous driving, a key frontier in intelligent transportation, promises to enhance
both safety and efficiency on public roads [1]. Achieving this vision relies on a percep-
tion stack that fuses data from multiple sensor modalities, including cameras, LiDAR,
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radar, and ultrasonic sensors [2]. Among these, vision sensors play a central role by pro-
viding dense semantic information essential for object detection, scene understanding,
and decision making [3]. However, the inherent fragility of conventional cameras un-
der HDR or fast-motion conditions raises concerns about the robustness of perception in
safety-critical applications. [4,5]

Event-based Dynamic Vision Sensors (DVSs) have emerged as a compelling alternative
to address these limitations. Unlike traditional cameras that capture full image frames
at fixed intervals, DVSs operate asynchronously, recording only pixel-level brightness
changes with microsecond temporal resolution [6]. This design offers several intrinsic
advantages: resistance to motion blur, superior HDR performance, and reduced data
redundancy. These characteristics make event-based cameras particularly well suited for
augmenting or even replacing conventional RGB sensors in real-world autonomous driving,
where rapid, reliable perception is vital for safety.

Building upon this motivation, we focus on Automatic Emergency Braking (AEB)—a
canonical safety-critical function that directly depends on timely and accurate perception.
AEB systems are typically designed around the concept of time-to-collision (TTC), the
estimated time remaining before the ego vehicle collides with an object ahead. TTC can be
computed directly if both the absolute distance and relative velocity of the leading object
are known, which explains why LiDAR- and radar-based approaches have been widely
adopted in commercial implementations [7,8]. While effective, these sensors primarily
provide geometric rather than semantic information, leaving gaps in recognizing object
type or predicting intent. Moreover, TTC-based systems remain vulnerable in edge cases
where perception latency or sensor degradation delays detection—precisely the conditions
where DVS can provide an advantage. In this work, we explore the potential of event-based
vision for enhancing AEB performance under such challenging conditions. Our main
contributions are:

• Dataset Contribution: We adapt our previously trained YOLO-based DVS detection
model to the CARLA simulator and release a new two-channel CARLA-DVS dataset
tailored for event-based perception. This dataset bridges the gap between real-world
DVS benchmarks and simulation-based evaluation, enabling reproducible testing of
DVS models in closed-loop driving scenarios.

• Demonstration of DVS Advantages: Through controlled experiments, we systemati-
cally analyze scenarios with high dynamic range, low illumination, and short reaction
time, demonstrating that DVSs achieve earlier and more robust detection compared to
conventional RGB cameras under these critical conditions.

• Integrated Event-Based AEB System: We present, to our knowledge, one of the first
closed-loop AEB pipelines integrating event-based vision (DVS), YOLOv11 detection,
and a conservative depth fusion strategy within the CARLA simulator. This integration
enables both semantic awareness and geometric estimation under extreme conditions.
The resulting system not only validates the feasibility of event-based AEB in simulation
but also establishes a benchmark framework for future research on event-driven
perception and control.

2. Related Work
2.1. Event Cameras in Autonomous Driving

The compelling advantages of event cameras have motivated a significant body of
research aimed at harnessing this technology for automotive perception. The comprehen-
sive survey by Gallego et al. [6] provides a foundational overview of event-based vision,
systematically outlining the principles and algorithms developed for a wide range of com-
puter vision tasks. The survey highlights how the unique properties of event cameras can
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address critical challenges in autonomous driving, such as detecting fast-moving objects, ro-
bustly tracking features during aggressive maneuvers, and perceiving scenes with extreme
lighting variations, like entering or exiting a tunnel. The work collates evidence showing
that event data can be used to achieve state-of-the-art performance in feature tracking,
ego-motion estimation, and dense 3D reconstruction, all of which are cornerstone tasks
for vehicle localization and navigation. Building directly on this potential, recent work by
Gehrig and Scaramuzza [9] demonstrates a practical and impactful application of these
principles. They developed a low-latency, end-to-end automotive vision pipeline that lever-
ages a recurrent neural network (RNN) to process event streams for object detection and
tracking. Their key contribution is showing that this event-based system can perceive and
react to new information with a latency reduction of up to an order of magnitude compared
to state-of-the-art, frame-based systems. In challenging HDR and low-light scenarios, their
pipeline successfully detected pedestrians and other vehicles 50 to 280 milliseconds faster
than conventional camera systems. This significant reduction in reaction time is critical for
safety-critical applications like AEB and collision avoidance, proving that event cameras
can be a vital component in next-generation perception systems designed to overcome the
inherent limitations of traditional sensors.

2.2. Event-Based Traffic Detection

A primary challenge in event-based vision is effectively modeling the asynchronous,
sequential nature of the data. To address this, recurrent architectures have become promi-
nent. The Recurrent Event-Camera Detector (RED) [10] stands out by processing raw event
streams directly, bypassing the need for image reconstruction. By incorporating a temporal
consistency loss, its recurrent design achieves high accuracy and outperforms traditional
feed-forward methods. More recently, the Recurrent Vision Transformer (RVT) [11] has
pushed performance further, achieving state-of-the-art results. RVT’s efficient, multi-stage
design provides a compelling combination of fast inference, low latency, and high-accuracy
detection, demonstrating the power of transformer models in this domain. Another promis-
ing direction involves creating hybrid systems that combine the strengths of event cameras
and traditional frame-based cameras. The Joint Detection Framework (JDF) [5] exempli-
fies this synergistic approach. It fuses the two modalities within a Convolutional Neural
Network (CNN), using Spiking Neural Networks (SNNs) to generate visual attention
maps. This novel technique enables effective synchronization between the sparse event
stream and the dense image frames. The success of JDF underscores the significant benefits
of integrating complementary sensor data, creating a more robust perception system for
automotive applications. Similarly, another mixed-frame/event detector [12] utilizes a
Dynamic and Active Pixel Sensor (DAVIS) to concurrently capture grayscale frames and
events. By processing both streams with YOLO-based models and merging the outputs
via a confidence map fusion method, the framework achieves higher accuracy and lower
latency than systems relying solely on conventional cameras. These hybrid methods under-
score the synergistic benefits of integrating complementary sensing modalities for more
robust automotive perception.

Our work focuses on a CNN-based approach, which provides a practical and efficient
solution for real-time autonomous driving applications. As established in our previous
work [13], we preprocess raw event streams into dense, 2-channel event frame representa-
tions. This methodology allows us to leverage the high performance of well-established
CNN architectures. We deliberately adopted a frame-based detection pipeline rather
than asynchronous, event-native architectures such as RED or RVT for two main reasons.
First, our entire “detection-to-control” framework (Section 3.6) is implemented within
the CARLA simulator, which inherently operates on high-frequency event frames rather
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than continuous asynchronous event streams. Consequently, a frame-based detector was
a natural and necessary choice to ensure seamless integration with the rest of the system.
Second, among frame-based detectors, YOLOv11 was selected because it offers an excellent
trade-off between detection accuracy and inference latency, providing the real-time perfor-
mance required for a time-critical AEB control loop. More importantly, the architecture’s
advanced Convolutional block with Parallel Spatial Attention (C2PSA) attention mecha-
nism is particularly well-suited to our 2-channel event representation, as it emphasizes
salient spatial regions corresponding to sparse “on” and “off” event clusters—precisely
where the most informative motion cues reside.

2.3. Control from Event-Based Vision

The main limitation of the aforementioned studies is their focus on evaluating algo-
rithmic performance using pre-recorded event data. While the offline approaches provide
valuable benchmarks for accuracy and robustness, they largely overlook the practical
challenges of real-time execution and system integration within a live autonomous driving
stack. This absence of a system-level perspective limits the direct applicability of these
methods in dynamic, real-world scenarios.

A significant and expanding area of research in vision-based robotics involves using
event cameras to learn reactive policies, which directly convert sparse event data into
control commands. This approach has unlocked new capabilities in highly dynamic envi-
ronments. Fast, reactive policies have been successfully implemented in several challenging
robotic tasks. For example, quadruped robots have been trained with reinforcement learn-
ing to catch fast-moving objects [14]. In aerial robotics, model-based algorithms have
enabled drones to avoid fast, dynamic obstacles while hovering [15].

Instead of learning a direct end-to-end mapping from vision to control, many robust
systems decompose the problem by using object detection as a critical intermediate task.
This approach provides a structured, semantic understanding of the environment, which is
more interpretable and can directly inform downstream planning and control modules. The
importance of this strategy is evident in prior work on obstacle avoidance and navigation.
For example, Zhang et al. [16] utilized an SNN with a depth camera for object detection to
achieve the necessary scene awareness for safe maneuvering. Likewise, in the high-speed
context of drone racing, Andersen et al. [17] trained a network to detect gates, as identifying
the target’s precise location is a prerequisite for generating a successful control policy.

Our previous work developed a YOLO-based detector and integrated this perception
module into a CARLA–ROS simulation environment, demonstrating the feasibility of
event-based detection within autonomous driving systems. This paper builds directly
on that foundation, aiming to push beyond open-loop simulation to address the critical
next steps: validating the perception pipeline in closed-loop scenarios and integrating
its output directly with the vehicle’s control system. By doing so, we demonstrate a
complete, real-time perception-to-action framework, moving from algorithmic theory to
practical application.

2.4. Depth Integration and AEB Systems

While event cameras have demonstrated impressive performance in high-speed re-
active tasks—most notably in microsecond-level obstacle avoidance with drones—their
integration into autonomous driving remains largely in the research domain. Nonetheless,
the ability to capture fast dynamics with minimal latency highlights their potential for
life-critical automotive functions such as AEB.

Conventional AEB systems primarily depend on radar and LiDAR, as these sensors
provide robust range and velocity measurements necessary for accurate TTC estimation.
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Safety assessments such as the Euro NCAP test protocols [18] further underscore the central
role of precise distance and TTC calculations in certifying system reliability. The research on
the TTC problem, or more generally speaking, obstacle avoidance using event-based vision
has received large attention from the community of robotics [15,19] and neuromorphic
engineering. In the field of autonomous driving, Sun et al. [20] introduce EvTTC, the
first multi-sensor dataset for event-based time-to-collision estimation, offering an essential
resource for developing and validating event-driven AEB algorithms.

TTC in autonomous driving could be obtained either from directly estimating event
cameras or through the vision-depth fusion pipeline. Li et al. [21] introduce an event-
based approach to time-to-collision estimation, using a coarse-to-fine geometric model
fitting pipeline that efficiently handles the partial observability of event-based data. Their
method outperforms conventional frame-based techniques in both accuracy and efficiency,
highlighting the promise of neuromorphic sensors for safety-critical autonomous driving
tasks. Beyond direct TTC estimation, another important direction is multi-sensor fusion
pipelines that integrate detection and depth to achieve robust obstacle awareness. As
reviewed by Wang et al. [22], camera–LiDAR–radar fusion exploits the complementary
strengths of different modalities: cameras provide rich semantic information for object
recognition, while LiDAR and radar contribute precise distance and velocity cues. Based
on the level of data abstraction, fusion techniques are broadly categorized into feature-level
and proposal-level fusion. The former aims to create a joint representation from raw or
low-level data, while the latter focuses on collaborative decision-making using high-level
reasoning. Feature-level fusion is generally more advantageous for tasks dependent on fine-
grained information (e.g., pose estimation) where modal alignment is feasible. Conversely,
proposal-level fusion is more suitable when modal differences are significant (e.g., text with
images) or when fault tolerance is critical (e.g., sensor redundancy). It is summarized by
Table 1 below.

Table 1. Comparison of Multi-Sensor Fusion Algorithms.

Category Algorithm Advantages Limitations

Feature-Level Fusion

BEVFusion [23]
Provides intuitive spatial
information, simplifying complex
scene processing.

Highly sensitive to sensor
calibration errors, which can
degrade fusion quality.

SimpleBEV [24] Simple architecture enables easy
implementation and deployment.

Performance may lag behind
complex models in
challenging scenes.

FusionFormer [25] Self-attention mechanism enhances
global context modeling.

High computational overhead
can hinder real-time
performance.

Proposal-Level Fusion

F-PointNet [26] Efficient and robust processing of
point cloud regions of interest.

High computational complexity
can be a bottleneck for
real-time application.

FSF [27] Adaptive feature selection improves
fusion effectiveness and flexibility.

Complex implementation;
performance depends heavily
on initial feature quality.

SparseFusion [28] Specializes in sparse data, reducing
the overall computational load.

Potential for information loss in
extremely sparse scenarios.

The work presented underscores that reliable AEB triggering depends not only on
accurate ranging but also on the semantic filtering of safety-critical objects, motivating our
integration of detection with depth cues for more robust time-to-collision prediction. At the
same time, the comparison in the table indicates that improved fusion performance often
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comes at the cost of higher computational demand—a trade-off that needs to be carefully
tuned in real-time applications such as autonomous driving. This highlights the importance
of lightweight design and real-time efficiency as core requirements for our system.

2.5. CARLA DVS Simulation

The event-based sensor model within the CARLA simulator is designed to emulate a
DVS featuring a 140 dB dynamic range and a temporal resolution on the scale of microsec-
onds. The sensor operates by asynchronously generating events, denoted as e = (x,y,t,p),
from individual pixels. An event is triggered at pixel coordinates (x,y) at a specific time t
whenever the change in logarithmic intensity, L, surpasses a predefined contrast threshold,
C. This triggering mechanism is mathematically expressed as:

L(x, y, t)− L(x, y, t − δt) = p · C (1)

Here, t−δt is the timestamp of the most recent event at that pixel, and the polarity p
indicates the direction of the brightness change—positive for an increase and negative for a
decrease. For our experiments, this contrast threshold was set to C = 0.3. In visualizations,
these events are typically represented by blue dots for positive polarity and red dots for
negative, effectively mapping the dynamic elements of a scene over time.

CARLA’s DVS implementation generates events by performing uniform temporal
sampling between two consecutive synchronous ticks of the simulation world. This ap-
proach is conceptually aligned with our data preprocessing pipeline and means that the
simulator internally handles the conversion of raw asynchronous data into structured event
frames or tensors.

However, to faithfully replicate the microsecond-level temporal resolution of a physical
event camera, the simulated sensor must operate at a much higher frequency than typical
frame-based cameras. The rate of event generation is directly proportional to the dynamics
within the scene; for instance, a faster-moving vehicle will produce a denser stream of
events. Consequently, to preserve temporal accuracy, the sensor’s operating frequency must
be dynamically scaled with the motion intensity. This leads to a crucial trade-off between
temporal fidelity and computational efficiency. While a higher frequency yields more
precise data, it also imposes a greater processing burden. Conversely, a lower frequency
reduces computational load at the risk of compromising the perceptual accuracy of the
event stream.

A known limitation of simulated data is the “sim-to-real” gap. Research by
Tan et al. [29] highlighted this issue, concluding that while CARLA’s DVS is a valuable
tool, its synthetic data cannot entirely replace real-world data for training robust object
detection models. Building on this, our previous work involved a systematic analysis of
this domain gap, focusing on the data’s modal characteristics. Our investigation confirmed
the existence of a domain gap but also uncovered compelling structural similarities be-
tween the simulated and real-world datasets. By comparing the feature distribution shapes
and variance, we observed that both domains exhibit analogous scatter patterns within
the principal component space, with a standard deviation ratio of approximately 1:1.14.
This finding suggests that while the domains have distinct central positions, their internal
feature structures are highly comparable. This underlying structural parallel provides
a strong justification for our transfer learning strategy, as it confirms both the necessity
and the feasibility of leveraging shared features across domains while adapting to their
specific differences.
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3. Methodology
3.1. YOLOv11-Based Event Detection

We extend our detector to CARLA’s DVS environment by adapting the state-of-the-art
YOLOv11 architecture. The input layer of the model is modified to accept a 2-channel
format, which corresponds to the accumulated positive and negative events from the DVS.
YOLOv11 introduces several architectural innovations that significantly improve detection
accuracy while maintaining real-time performance.

The YOLOv11 architecture is composed of three primary components: a Backbone, a
Neck, and a Head. For its backbone, YOLOv11 introduces a new C3k2 block, a computa-
tionally efficient implementation of the Cross Stage Partial (CSP) concept that enhances the
network’s ability to extract rich features with lower overhead. Following the backbone, the
neck network is responsible for multi-scale feature fusion. It utilizes an optimized Spatial
Pyramid Pooling Fast (SPPF) module to aggregate features from different receptive fields,
which is crucial for detecting objects of various sizes. A key innovation in YOLOv11 is the
introduction of the C2PSA module. This attention mechanism allows the model to focus
more effectively on salient regions within an image, significantly improving its ability to
detect small or partially occluded objects. The head then processes these refined feature
maps to generate the final bounding box predictions and class probabilities.

The model is pre-trained on real-world DVS recordings and subsequently fine-tuned
on our custom CARLA dataset to ensure robust sim-to-real compatibility.

3.2. CARLA DVS Dataset Generation

We generated a comprehensive dataset using the CARLA simulator (V0.9.13) and its
Python API. The entire pipeline was built upon the carla-ros-bridge package, allowing
for control of the ego-vehicle and the synchronized recording of sensor data. Traffic,
including a configurable number of vehicles and pedestrians, was dynamically spawned
in the simulation using the provided API scripts. Data was captured by subscribing to
corresponding ROS topics, ensuring that each DVS frame has a precisely corresponding
RGB frame from the same timestamp. To streamline the annotation process, we first labeled
the clear RGB images and then transferred the 2D bounding boxes to the corresponding
DVS event images. A critical step was ensuring the sensor resolutions were identical (e.g.,
640 × 640) to guarantee perfect alignment. During data collection, the vehicle is maintained
in cruise mode to ensure that each RGB frame has a corresponding DVS reading, since the
DVS only produces events when intensity changes occur in the scene (in motion). This
approach prevents the creation of empty or invalid bounding boxes when transferring
annotations from the RGB dataset to the DVS domain.

To ensure diversity, we recorded scenarios across multiple CARLA built-in maps,
as described in Table 2, which cover environments from dense urban layouts to rural
country roads. Furthermore, we systematically varied the environmental conditions by
programmatically adjusting weather and lighting parameters such as sun altitude angle,
cloudiness, precipitation, and fog density. This process resulted in a dataset of 10,716 paired
RGB and DVS images.

The complete dataset, comprising 10,716 paired images, is systematically organized
for machine learning workflows. We partitioned the data into training, validation, and
test sets following a standard 7:2:1 ratio. This division results in 7501 pairs for the training
set, 2143 pairs for the validation set, and 1072 pairs for the test set. To foster collaboration
and enable the reproducibility of our results, the entire dataset, including images and
annotations, will be made publicly available.
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Table 2. Summary of CARLA Maps Used for Data Generation.

Town Summary

Town01 A compact riverside town characterized by multiple bridges and
straightforward road layouts.

Town02 A small mixed-use town combining residential neighborhoods with light
commercial areas, offering slightly more complexity in traffic flow.

Town03 A larger, urban map with a roundabout and large junctions.

Town07
A rural countryside setting with narrow winding roads, farmland, barns,
and minimal traffic infrastructure, emphasizing naturalistic
driving conditions.

Town10
A bustling downtown environment with tall skyscrapers, residential
districts, and a scenic oceanfront promenade, suited for advanced urban
driving challenges.

3.3. Training Details

We trained several model (YOLOv11n, YOLOv11s, and YOLOv11m) to evaluate the
trade-off between performance and computational cost. A distinct pre-training strategy
was adopted for each modality. For the event-based models, we employed a transfer
learning approach, initializing the network weights from a model pre-trained on a large-
scale, real-world DVS dataset as established in prior work. This leverages features learned
from real event data. In contrast, the RGB models were initialized using the standard
pre-trained weights provided with the official YOLOv11 release, which are trained on
the COCO dataset. All models were then fine-tuned on our custom CARLA dataset. The
training was conducted for 300 epochs with a batch size of 16. We utilized the AdamW
optimizer with an initial learning rate of 0.001, which was gradually reduced using a cosine
annealing scheduler. The input image resolution was maintained at 640 × 640 pixels.

3.4. System Setup and Configuration

As detailed in Section 2.5, CARLA’s DVS still outputs data in a frame-based manner
rather than truly asynchronous events. To approximate the physical characteristics of event
cameras while keeping consistency in the experimental setup, both the DVS and RGB
cameras are configured to the same resolution. However, the DVS sampling frequency
is set to 120 Hz, which is ten times higher than the RGB camera frequency. This 10:1
ratio is a pragmatic compromise based on a clear trade-off. In reality, event cameras can
achieve a temporal advantage equivalent to a 10:1 to 40:1 ratio over standard 30–120 FPS
automotive cameras. Replicating the upper end of this range is computationally intractable
within the synchronous, frame-based CARLA simulator. We, therefore, selected this 10:1
ratio as a conservative, yet computationally feasible, baseline. It provides a reasonable
approximation that fairly demonstrates the core temporal advantage of DVS without
creating an exaggerated comparison. Importantly, simply using a higher frame-rate RGB
camera is not directly comparable, as it would produce redundant full-frame data with
higher bandwidth and computational cost, while still lacking the dynamic range and
microsecond latency benefits intrinsic to event cameras.

Figure 1 presents a comparative timeline illustrating the data processing and detection
flow for two distinct sensing modalities. The top pipeline (RGB Camera) depicts a conven-
tional system operating at a low frequency. It captures discrete, complete frames at fixed
intervals (e.g., 20–30 Hz). Consequently, object detection can only occur at these sparse
moments, creating significant temporal gaps where critical information may be missed. The
bottom pipeline (Event Camera) represents our proposed approach. It receives a continu-
ous, dense stream of asynchronous event data. For processing, this stream is partitioned
into “Sliced Event Frames” at a much higher frequency (120 Hz in our simulation). This is
also exactly how event frame is simulated in CARLA. This results in a far denser series of
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detection opportunities, dramatically reducing the latency between a real-world event and
its digital detection in theory.

Figure 1. Illustration of the temporal advantage of the DVS system, where the blue and red (positive
and negative) dots represents continuous event stream .

Note that in practice, the key benefit of this structure is not in making every single
TTC calculation faster, but in enabling the first critical TTC calculation to happen much
sooner. The AEB trigger requires a synchronized pair of data: a bounding box (what to
look at) and a depth map (how far away it is). With the event-based system, when objects
appear, the event camera immediately registers the motion. A new “sliced event frame” is
generated within milliseconds, and a detection is made almost instantly. The system can
then take this new, low-latency bounding box and pair it with the most recently available
depth map from the range sensor that may be operating at a much lower frequency.

3.5. Fusion Technique

As discussed in Section 2.4, multi-sensor fusion strategies can generally be classified
into feature-level and proposal-level approaches. Our AEB pipeline adopts a proposal-level
fusion strategy, which performs object detection followed by depth sampling for two key
reasons aligned with the system’s design objectives. First, in terms of real-time efficiency,
feature-level fusion, although capable of producing richer joint representations, often incurs
substantial computational overhead. In contrast, our proposal-level design remains compu-
tationally lightweight by restricting depth processing to the localized regions of interest
identified by YOLOv11, thereby preserving the stringent timing requirements of the AEB
control loop. Secondly, the approach promotes modularity and robustness by decoupling
detection (YOLOv11) from ranging (LiDAR) tasks. This modular structure aligns natu-
rally with our ROS-based architecture, enabling sensors to operate at different frequencies
(e.g., 120 Hz for DVS versus lower-rate depth acquisition) and reducing sensitivity to
calibration inaccuracies that often hinder complex feature-level fusion methods. While this
strategy inherently omits potential threats outside the detected regions, it remains sufficient
for the objectives of this study, which focus on demonstrating the feasibility of real-time
event-based perception-to-control integration with well-distinguished object classes.
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3.6. Detection-to-Control Pipeline

This section details the implementation of the integrated perception and control
pipeline for the AEB system of the ego vehicle. The system is designed as a node within
the Robot Operating System (ROS) framework through CARLA-ROS-Bridge, enabling
modularity and robust real-time data handling. The core function of this pipeline is to
process perception data from a vision-based detection system, assess collision risk, and
execute appropriate longitudinal control commands—either maintaining a cruise speed or
initiating emergency braking.

3.6.1. System Architecture and Data Acquisition

The system subscribes to three primary data streams within the CARLA simulation
environment:

1. Object Bounding Boxes: 2D bounding box coordinates are received from a YOLOv11
object detection node. These boxes identify the spatial location of potential obstacles
in the camera frame.

2. Depth Data: The depth information is derived from simulated LiDAR measurements
at 20 Hz and reformatted into a per-pixel depth map representation, where each pixel
encodes the distance from the sensor to the corresponding point in the scene.

3. Ego-Vehicle Velocity: The current longitudinal velocity of the ego-vehicle, vego, is
obtained from the vehicle’s speedometer data.

A key architectural design choice involves the data synchronization strategy. To ensure
that distance measurements are calculated using spatially and temporally consistent data,
the bounding box and depth image topics are synchronized. This synchronizer matches
messages with the closest timestamps, accounting for minor latencies in the perception
pipelines. In contrast, the ego-vehicle’s velocity is handled by a separate, non-synchronized
callback. This decouples the control state from the perception pipeline, ensuring that the
most recent velocity measurement is always used for risk assessment, which is critical for
accurate TTC calculation.

3.6.2. Collision Risk Assessment via Time-to-Collision

The primary metric for collision risk assessment is the TTC. The calculation process is
triggered upon receiving a synchronized pair of a bounding box and a depth image.First,
the system extracts the Region of Interest (ROI) from the depth image that corresponds
to the provided bounding box coordinates. To enhance robustness, the effective distance
to the obstacle, D, is determined by calculating the 5th percentile of all valid (non-zero)
depth values within this ROI. This statistical approach is a deliberate safety choice. Using
the 1st percentile (absolute minimum distance) would make the system highly susceptible
to sensor noise, potentially causing false-positive braking. Conversely, using the mean or
median is highly dangerous, as a bounding box often includes background pixels (e.g.,
the road visible around a pedestrian). This would average the true object distance with
the farther background, overestimating D and dangerously delaying the AEB trigger. The
5th percentile provides a robust, conservative estimate of the object’s closest surface while
effectively filtering out the bottom 5% of potential noise outliers, thus stabilizing the
TTC calculation.

The TTC is then calculated using the standard formula:

TTC =
D

vego
(2)

where D is the effective distance to the obstacle (in meters), and vego is the current longitu-
dinal speed of the ego-vehicle (in meters per second). This calculation is only performed if
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vego is greater than a nominal threshold, to prevent division by zero or near-zero values
when the vehicle is stationary.

3.6.3. Dual-Mode Longitudinal Control Logic

The vehicle’s longitudinal control operates in one of two modes: In the absence
of an immediate collision threat, the system maintains a user-defined target speed. A
Proportional-Integral-Derivative (PID) longitudinal controller is employed for this purpose.
The controller calculates the necessary throttle output by comparing the target speed with
the current speed, vego. The AEB mode is activated if the calculated TTC falls below a prede-
fined safety threshold of 2.0 s. Upon activation, the system immediately overrides the PID
controller’s output. It commands zero throttle and applies maximum braking. To ensure
the vehicle comes to a complete and safe stop without intermittent control oscillations, the
AEB state is latched once triggered. It remains active, applying full braking force, until the
vehicle’s velocity is reduced to near zero, at which point the system concludes its operation.
It should be noted that this control logic is intentionally simplified to ensure a decisive
and safe stop within our controlled test scenarios, serving primarily to demonstrate the
detection–control pipeline rather than a fully developed control algorithm. This behavior is
not intended to represent a real-world implementation.

3.7. Scenario Design in CARLA Simulation

To evaluate the proposed system under diverse and safety-critical conditions, we
implement three AEB test scenarios that includes illumination-variation and sudden
pedestrian-encounter. These scenarios are motivated by the fact that real-world AEB
triggering often fails not only due to limitations in perception accuracy but also due to
the challenges imposed by changing environments, sudden appearances of vulnerable
road users, and highly dynamic traffic interactions. Some key parameters are included in
Table A1 for reproducibility.

1. Tunnel Exit/Sudden Illumination Change (Stationary): In this scenario, the ego vehi-
cle exits a dark tunnel into bright daylight. Such transitions induce strong illumination
variations that challenge conventional frame-based sensors, often leading to tempo-
rary blindness or delayed response. Event-based sensors, with their high dynamic
range, are particularly well-suited to this condition, making it an essential test case for
assessing robustness against abrupt lighting changes. Within CARLA simulator, the
exposure mode of RGB camera was changed from ’auto’ to ’histogram’ and exposure
speed was adjusted to produce the glaring effect as shown in Figure 2b.

(a) Perspective View (b) POV View

Figure 2. Tunnel Exit Scenario where the glaring effect is ’blinding’ the RGB camera.

2. Poor Illumination: Night Driving (Stationary): The second stationary scenario places
the ego vehicle on a rural road at night, as shown in Figure 3. Poor illumination
is a well-documented failure mode of camera-based perception systems, where ob-
ject visibility and depth perception degrade significantly. This setup enables us to
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test whether the proposed integration of event-based detection and depth cues can
maintain reliable performance under extremely low-light conditions.

(a) Perspective View (b) POV View

Figure 3. Low-Illumination Scenario where vehicle in front is not visible in RGB camera.

3. Pedestrian Crossing (Dynamic): This is a very typical and challenging dynamic
scenario, a pedestrian suddenly emerges from behind an obstacle, leaving minimal
reaction time for the ego vehicle, as shown in Figure 4. This scenario is designed
to test semantic filtering of safety-critical objects, particularly vulnerable road users
(VRUs), which represent high-risk events for AEB systems. Robust detection under
such occlusion and sudden appearance conditions is crucial for ensuring safety.

(a) Perspective View (b) POV View

Figure 4. Obstructed Pedestrian Crossing Scenario.

Together, these scenarios cover a representative spectrum of environmental and in-
teraction challenges: abrupt illumination transitions, extreme low-light driving, sudden
pedestrian appearances situations. They allow us to systematically assess both the seman-
tic reliability and the temporal responsiveness of the proposed system, while reflecting
real-world conditions where AEB performance directly impacts safety.

4. Results
4.1. Detection Model Results

The performance of the YOLOv11 model series was evaluated using data from both
an event camera and a standard RGB camera. The quantitative results for both modalities
are presented to compare their effectiveness for the object detection task.

Table 3 demonstrates that RGB camera data consistently outperforms event camera
data across all models. The YOLOv11m model achieves the highest overall mAP@.50-.95 of
0.886 on RGB data, representing a 25.1% improvement over the 0.708 achieved on event
camera data. YOLOv11s exhibits the best precision at 0.959. As model complexity increases,
performance shows steady improvement across both modalities.
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Table 3. Overall Detection Performance Comparison.

Model Data Type Precision Recall mAP@.50 mAP@.50-.95

YOLOv11n Event Camera 0.922 0.856 0.930 0.695
RGB Camera 0.955 0.940 0.985 0.869

YOLOv11s Event Camera 0.923 0.876 0.943 0.702
RGB Camera 0.959 0.935 0.985 0.884

YOLOv11m Event Camera 0.920 0.862 0.937 0.708
RGB Camera 0.949 0.949 0.983 0.886

Bold values indicate the best performance in that column.

Table 4 shows that vehicle detection outperforms pedestrian detection on both data
types. On RGB data, YOLOv11m achieves the optimal mAP@.50-.95 of 0.922, representing
a 17.6% improvement over the 0.784 achieved on event camera data. On event camera
data, YOLOv11s achieves the highest vehicle detection mAP@.50-.95 of 0.788. As larger
and more distinctive objects, vehicles are well-detected across both data modalities.

Table 4. Vehicle Detection Performance Comparison.

Model Data Type Precision Recall mAP@.50 mAP@.50-.95

YOLOv11n Event Camera 0.933 0.910 0.961 0.774
RGB Camera 0.952 0.968 0.989 0.909

YOLOv11s Event Camera 0.942 0.917 0.969 0.788
RGB Camera 0.961 0.960 0.989 0.921

YOLOv11m Event Camera 0.946 0.900 0.965 0.784
RGB Camera 0.955 0.967 0.988 0.922

Bold values indicate the best performance in that column.

Table 5 reveals that pedestrian detection presents a more challenging task. The per-
formance improvement on RGB data is most significant, with YOLOv11m’s mAP@.50-.95
increasing from 0.632 on event camera data to 0.850 on RGB data—a 34.5% improvement,
the largest across all categories. On event camera data, YOLOv11m’s pedestrian detection
mAP@.50-.95 is only 0.632, indicating that sparse event data poses greater challenges for
detecting small targets and pedestrians with varying poses.

Table 5. Pedestrian Detection Performance Comparison.

Model Data Type Precision Recall mAP@.50 mAP@.50-.95

YOLOv11n Event Camera 0.911 0.801 0.899 0.616
RGB Camera 0.959 0.913 0.981 0.830

YOLOv11s Event Camera 0.904 0.836 0.916 0.616
RGB Camera 0.958 0.911 0.981 0.847

YOLOv11m Event Camera 0.895 0.824 0.908 0.632
RGB Camera 0.944 0.931 0.978 0.850

Bold values indicate the best performance in that column.

• Advantages of RGB Images: RGB images provide dense, feature-rich information
including color, texture, and brightness gradients. Convolutional neural networks are
naturally suited to this grid-like data structure, showing significant advantages across
all detection tasks, particularly for small targets such as pedestrians.

• Characteristics of Event Camera Data: Event camera data is sparse, capturing only
brightness changes. While offering advantages in temporal resolution and power
consumption, it presents greater challenges for object detection tasks using tradi-
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tional convolutional architectures. The reduced static feature information requires
specialized processing methods to fully leverage its benefits.

It is essential to frame these mAP results in the context of our paper’s primary objective.
While Table 3 demonstrates that the RGB model achieves a higher general-purpose mAP
across the entire dataset, this single metric does not capture performance in the most
safety-critical, high-risk scenarios.

The core value proposition of DVS is not to outperform RGB in all conditions, but to
provide critical robustness in specific, challenging environments (like the high-glare tunnel
exit) where conventional sensors are known to fail. This crucial trade-off—sacrificing
some general-case accuracy for a decisive gain in edge-case robustness—is the focus of our
system-level evaluation.

4.2. AEB Scenario Results

To quantitatively assess the performance of our proposed event-based AEB system, we
established a comprehensive set of performance metrics and two distinct baseline systems
for comparative analysis. This methodology is designed to rigorously evaluate the system’s
effectiveness from perception through to final control action and to isolate the specific
advantages conferred by the use of an event-based vision sensor.

4.2.1. Baseline for Comparison

Two baseline systems were implemented to provide a robust comparative context for
our results:

• RGB-Integrated System: This serves as our primary baseline and features an identical
software architecture to our proposed system. However, it replaces the event camera
with a conventional RGB camera, processing standard image frames through the
YOLOv11 [30] object detector (m size model used in both RGB and event model).
This configuration allows for a direct, modality-focused comparison, isolating the
performance differences attributable solely to the choice of vision sensor (Event vs.
RGB), particularly under challenging environmental conditions.

• Depth-Only System: This baseline completely omits the object detection module.
Instead, it triggers an AEB response based on a simple distance threshold applied to
any point within the forward-looking depth map generated from a LiDAR running
at 20Hz. The purpose of this baseline is to validate the critical role of the perception
front-end in distinguishing between genuine threats (e.g., pedestrians, other vehicles)
and irrelevant objects (e.g., overhead signs, roadside clutter), thereby highlighting the
necessity of object detection for minimizing false positives.

4.2.2. Performance Metrics

To provide a comprehensive evaluation, a structured set of metrics was established
to assess distinct aspects of the AEB system’s performance within the scenarios, which
include perception accuracy and latency, overall system safety, and real-world reliability.

The initial stage of evaluation focuses on Perception Performance, which is quantified
by two key metrics. First, the Detection Rate (Recall) serves as the primary measure of
perception accuracy, defined as the ratio of correctly identified threats to the total number of
actual threats present across multiple runs. Complementing this, the Time to First Reliable
Detection (TFRD) measures the system’s perception sensitivity. Reliable detection is defined
as the elapsed time from the start of the scenario to the moment an obstacle is classified as
a potential threat, quantifying the system’s early detection capability. In practice, ’reliable’
refers to consistent sensor observations over consecutive readings to reduce false positives.
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Moving beyond perception, system-level safety and effectiveness are assessed to
determine the success of the entire pipeline. The principal metric here is the Collision
Avoidance Rate, which is the percentage of test runs where the AEB system successfully
brings the vehicle to a stop without obstacle contact. The system reaction time is measured
by the Time to Activation (TTA), which captures the total duration from the start of test
runs to the application of the brakes, thus incorporating both perception latency (TFRD)
and subsequent decision-making and actuation time.

At last, System Reliability provides another reference to gauge real-world usability.
This is quantified by the False Positive Rate, measured as the number of erroneous AEB
activations during test runs where no collision threat exists. A low false positive rate is
critical for ensuring operational safety and maintaining driver trust.

4.2.3. Test Results from Scenario

• Tunnel Exit/Sudden Illumination Change In the tunnel exit scenario, a stationary
vehicle is spawned 100 m ahead of the ego vehicle that is cruising at 40 km/h. Total
attempts of tests is 30 and the cruise speed varies within 5% to create variation. The
results are shown in Table 6.

Table 6. Comparison of Performance for Different Sensor Modalities in Tunnel Scenario (N = 30 Trials).

Sensor Modality

Perception Performance System Effectiveness

TFRD (s) Recall Rate False Positive Rate TTA (s)
Collision Avoidance

Rate

DVS + Depth
Mean: 0.775

100% 0%
Mean: 2.026

100%
Std: 0.054 Std: 0.080

RGB + Depth
Mean: 1.632

13.3% 0%
Mean: 3.150

0%
Std: 0.042 Std: 0.067

Depth Only
Mean: 1.860

100% 0%
Mean: 2.571

86.6%
Std: 0.140 Std: 0.296

The AEB system equipped with DVS demonstrated exceptional robustness and ef-
ficiency. It achieved a perfect 100% Recall Rate and 100% collision avoidance rate,
successfully detecting and avoiding the stationary vehicle in all 30 trials. The stand-
out metric is the TFRD, which had a remarkably low mean of 0.775 s with minimal
deviation (σ = 0.054). This rapid detection is a direct result of the DVS’s physical
property, as it records asynchronous events based on changes in log-scale luminance
rather than absolute light intensity. This makes it inherently resilient to the sudden,
drastic illumination shift at the tunnel exit, enabling near-instantaneous perception
where traditional cameras fail.
In contrast, the performance of the conventional RGB-based AEB system was found
to be critically deficient under the tested low-light conditions. The system only
managed to detect the obstacle in 13.3% of the trials. Even in the few instances where
detection occurred, the average detection reaction times was 2.632 s, which were
substantially longer than those of the alternative sensor modalities. This delay is
caused by the RGB camera’s auto-exposure algorithm struggling to adapt from the
tunnel’s darkness to the bright exterior, effectively “blinding” the system at the critical
moment. Consequently, by the time the system could process the scene and trigger an
avoidance action (mean TTA of 3.150 s), it was far too late to stop the vehicle, resulting
in 0% collision avoidance rate.
The Depth-Only configuration also performed well, proving to be a highly reliable
perception tool. It successfully detected the stationary vehicle in all 30 trials and
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achieved a high Collision Avoidance Rate of 86.6%. As an active sensor, the depth
camera provides its own illumination to measure distance, rendering its function
independent of ambient light. This explains its perfect recall rate. However, its
detection time was significantly slower than the DVS system, with a mean TFRD of
1.860 s—more than double that of the DVS. This latency is likely attributable to the
difference in operating frequencies mentioned in the simulation setup (20 Hz for depth
vs. a much higher frequency for DVS). While highly reliable, this slower detection time
was not sufficient to guarantee collision avoidance in every single trial, explaining the
gap between its 100% detection rate and 86.6% avoidance rate.
As AEB systems operate on millisecond timescales, performance differences may not
be immediately apparent from visual inspection alone. To quantitatively assess the
significance of these differences, two-sample t-tests were conducted on TFRD and TTA
between the DVS-based and Depth-based systems. The RGB system was excluded due
to insufficient sample size, as it was largely nonfunctional under the tested conditions.
The resulting near-zero p-values (p < 0.05) confirm a statistically significant difference
between the two sensor modalities: the DVS system achieves approximately 60% faster
detection and 21% quicker braking response compared to Depth sensing. These results
highlight the advantage of DVSs for rapid perception and timely reaction, particularly
in tunnel-exit scenarios characterized by abrupt illumination changes.

• Poor Illumination Scenario In the sustained low-illumination scenario, the perfor-
mance hierarchy of the sensor modalities shifted dramatically compared to the tunnel-
exit test, as shown in Table 7. The Depth-Only system delivered a flawless perfor-
mance, emerging as the superior solution. The DVS + Depth system’s effectiveness
was notably degraded, while the RGB + Depth system remained poor performance.
The Depth-Only configuration was the undisputed top performer in this scenario,
achieving a 100% Recall Rate and a perfect 100% Collision Avoidance Rate. It was
also the fastest to react, with a mean Time to First Reliable Detect of just 1.268 s,
significantly outperforming the other configurations. The results from independent
two-sample t-tests showed that Depth-based system significantly outperformed DVS
in both detection and AEB response times in this scenario. This exceptional result is
due to its nature as an active sensor. By emitting its own infrared light to measure dis-
tance, its perception is completely independent of ambient environmental light. This
makes it inherently robust and reliable for operation in consistently dark conditions,
such as nighttime driving. The DVS-based system, which excelled in the dynamic
lighting change scenario, showed some level of performance degradation in static low
light. Its Collision Avoidance Rate dropped to 73.3%, and its Recall Rate fell to 86.6%.
Additionally, this configuration introduced a 6.7% False Positive Rate, indicating that
the system occasionally detected obstacles that were not there.
This decline is fundamentally rooted in the sensor’s vulnerability to a poor signal-
to-noise ratio in the dark, a problem inherent in the DVS model within the CARLA
simulator itself, as shown in Figure 5. Visual data shows that while the daytime
feed consists of clean, sparse events driven by actual motion, the nighttime feed
is overwhelmed by a dense cloud of spurious background activity. This simulated
electronic noise floor effectively masks the weak event-based signal generated by the
actual target vehicle. The perception algorithm is consequently forced to distinguish a
subtle pattern from a chaotic background, which directly explains the observed results:
a slower reaction time (2.301 s TFRD) as the system struggles to gain confidence, a
lower recall rate from missing the masked signal, and the introduction of a 6.7% False
Positive Rate caused by mistaking random noise clusters for real objects.
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Table 7. Comparison of Performance for Different Sensor Modalities in Low-Illumination Scenario
(N = 30 Trials).

Sensor Modality

Perception Performance System Effectiveness

TFRD (s) Recall Rate False Positive Rate TTA (s)
Collision Avoidance

Rate

DVS + Depth
Mean: 2.301

86.6% 6.7%
Mean: 2.342

73.3%
Std: 0.282 Std: 0.289

RGB + Depth
Mean: 1.607

33.3% 0%
Mean: 1.646

0%
Std: 0.074 Std: 0.091

Depth Only
Mean: 1.268

100% 0%
Mean: 2.038

100%
Std: 0.030 Std: 0.075

(a) DVS in day (b) DVS at night

Figure 5. Comparison of the same scenario under different noise levels: (b) exhibits noticeably higher
noise than (a).

The RGB-based system continued to demonstrate a critical failure, resulting in a 0%
Collision Avoidance Rate. This was a direct consequence of its severely compromised
perception, which achieved a meager 33.3% Recall Rate. As a passive sensor, the RGB
camera’s effectiveness is entirely dependent on sufficient ambient light. In the low-
illumination conditions, images were too dark and noisy for the vision algorithm to
detect the obstacle at a safe distance. The few successful detections can be attributed
to moments at very close proximity when the ego vehicle’s own headlights finally
illuminated the obstacle. However, this critically late detection left insufficient time for
the AEB system to engage, leading to an unavoidable collision in every trial. Therefore,
even with its noted degradation in low light, the DVS camera’s perception remained far
superior to that of the RGB camera, which was rendered almost entirely non-functional.

• Pedestrian Crossing A much more critical scenario was introduced for the pedestrian
crossing test, where the threat appears only 15 m in the vehicle’s path while it cruises
at 25 km/h. It again reshapes the performance hierarchy, as shown in Table 8. In
this test, the RGB + Depth system emerged as the most effective solution, yet both
the DVS + Depth and Depth-Only systems struggled significantly, revealing critical
weaknesses in their perception capabilities for this specific task.
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Table 8. Comparison of Performance for Different Sensor Modalities in Pedestrian Crossing Scenario
(N = 30 Trials).

Sensor Modality

Perception Performance System Effectiveness

TFRD (s) Recall Rate False Positive
Rate TTA (s)

Collision
Avoidance Rate

DVS + Depth
Mean: 0.761

13.3% 6.7%
Mean: 1.125

13.3%
Std: 0.072 Std: 0.080

RGB + Depth
Mean: 1.607

100% 0%
Mean: 1.646

73.3%
Std: 0.074 Std: 0.091

Depth Only
Mean: 1.228

33.3% 36.6%
Mean: 2.080

50%
Std: 0.140 Std: 0.296

The RGB-based system excelled in perception, achieving a perfect 100% Recall Rate.
This success stems from its ability to leverage rich semantic clues; trained on extensive
datasets, the vision algorithm reliably identifies the features and form of a human, an
advantage that is crucial for smaller object detection. However, its perfect detection
did not translate to perfect safety, resulting in a 73.3% Collision Avoidance Rate. The
primary limiting factor was its reaction speed. The detection pipeline’s low operating
frequency resulted in a mean Time to First Reliable Detect of 1.607 s. This latency is
inadequate for time-critical edge scenarios like this one, where every millisecond is
crucial for a successful outcome. This created a critical gap where the system saw the
threat but could not trigger the AEB in time to prevent a collision, demonstrating that
detection without sufficient rate might not be enough.
The Depth-Only system’s performance degraded alarmingly, with a low 33.3% Recall
Rate and an extremely high 36.6% False Positive Rate. This configuration struggled to
reliably distinguish the pedestrian’s geometric profile from background clutter like
poles or signs. This constant mismatching of threats reveals the fundamental limitation
of using raw depth data without semantic context. The sensor can detect a shape
but has no understanding of what that shape is, leading to both missed detections
and frequent false alarms. This severe unreliability powerfully justifies the need for
detection-level integration in any AEB system. Fusing this depth data with a semantic
sensor like an RGB camera would provide the necessary context to confirm threats
and reject false positives, drastically improving system safety.
The DVS-based system proved largely ineffective for this task, with a 13.3% Recall
Rate and a corresponding 13.3% Collision Avoidance Rate. This failure highlights a
key challenge for event-based detection that is more complex than simple sparseness.
The RGB model’s 100% recall demonstrates its clear semantic advantage: it is trained
to recognize the shape and form of a human, which is a consistent feature . The DVS
model, by contrast, must recognize a motion signature. A pedestrian’s non-rigid,
articulated motion (e.g., swinging arms and legs) creates a complex, variable, and less
coherent event cluster compared to the sharp, predictable, moving edges of a rigid
vehicle. Furthermore, in this dynamic scenario, the ego-vehicle’s own forward motion
generates a dense stream of background events (optic flow) from static objects like the
curb and scenery. The DVS model must therefore distinguish the pedestrian’s event
signal from this background motion noise. This “signal-to-noise” problem is absent
for the RGB camera, which easily separates a semantic human shape from a static
background, regardless of ego-motion.
However, the underlying strength of the DVS is still evident. In the few trials where it
successfully detected the pedestrian, its TFRD was an exceptional 0.761 s, confirming
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its temporal advantage remains intact. The 100% detection-to-avoidance conversion in
these cases further validates this advantage. Therefore, the challenge is not the speed
of the data, but the fundamental difficulty of robustly interpreting a non-rigid object’s
motion signature amidst a noisy background of optic flow—a task that our current
CNN-based model struggled with. A series of approaches in the processing pipeline
could influence the final result for this case. Our specific implementation, which relies
on a CNN-based detector, a basic frame-stacking strategy, and no dedicated de-noising
method, struggled with this task. Exploring alternative approaches, as discussed in
our future work, will be critical to overcoming this limitation.

4.3. Real-Time Performance and Deployment Feasibility

A key requirement for any practical AEB system is the ability to execute the entire
perception pipeline in real-time, matching the high-frequency data from the sensors. Our
pipeline’s DVS operates at 120 Hz, which demands a total processing time of approximately
8.3 milliseconds per frame. In our experimental setup with NVIDIA GeForce RTX 4060 Ti,
we need to make sure the YOLO inference time is not the bottleneck of the overall system.
Expanding on that, it is also essential to confirm that our chosen architecture (YOLOv11) is
feasible for real-world deployment on typical automotive-grade (edge) hardware.

To demonstrate this, we present a benchmark analysis of our YOLOv11 model, de-
ployed on various NVIDIA Jetson platforms, which are representative of hardware used in
autonomous systems. The benchmark, detailed in Table 9, evaluates the model (640 × 640
input) using both standard PyTorch and an optimized TensorRT INT8 configuration.

Table 9. Performance comparison across different devices and setups.

Device (Full Name) Setup Preprocess Inference Postprocess Total Min Max
(ms) (ms) (ms) (ms) (ms) (ms)

NVIDIA GeForce RTX 4060 Ti PyTorch 1.02 ± 0.21 4.33 ± 0.40 0.94 ± 0.47 6.25 ± 0.54 2.5 8.2
NVIDIA Jetson Orin NX 16 GB PyTorch 1.34 ± 0.27 11.8 ± 0.9 1.07 ± 0.53 14.21 ± 1.15 11.6 17.9

NVIDIA Jetson Orin NX 16 GB TensorRT
INT8 1.28 ± 0.24 4.9 ± 0.5 1.12 ± 0.49 7.30 ± 0.83 5.9 9.2

NVIDIA Jetson Orin Nano 8 GB PyTorch 1.40 ± 0.28 18.5 ± 1.5 1.15 ± 0.57 21.05 ± 1.78 17.3 25.6

NVIDIA Jetson Orin Nano 8 GB TensorRT
INT8 1.32 ± 0.26 7.6 ± 0.7 1.18 ± 0.56 10.10 ± 0.95 8.3 12.9

NVIDIA Jetson AGX Orin 32 GB PyTorch 1.22 ± 0.24 6.9 ± 0.6 1.13 ± 0.51 9.25 ± 0.92 7.8 11.6

NVIDIA Jetson AGX Orin 32 GB TensorRT
INT8 1.27 ± 0.23 2.8 ± 0.3 1.06 ± 0.48 5.13 ± 0.59 4.2 6.6

The benchmark results serve two key purposes. First, the data from our NVIDIA
GeForce RTX 4060 Ti shows an average total processing time of 6.25 ms. This is well below
our 8.3 ms budget, confirming that YOLO inference was not a performance bottleneck
during our simulation-based experiments.

Furthermore, the data from the edge devices validates our approach’s real-world
deployment feasibility. While a standard PyTorch implementation is too slow (e.g., 14.21 ms
on Orin NX), a properly optimized model using TensorRT INT8 quantization achieves
significant 1.8× to 2.1× speedups. Crucially, the optimized latency on the Jetson AGX Orin
32 GB (5.13 ms) and the Jetson Orin NX 16 GB (7.30 ms) are both below the 8.3 ms processing
budget required by our 120 Hz pipeline. This analysis confirms that the computational
demands of our proposed event-based YOLOv11 pipeline are not just theoretical but are
practically achievable on current, commercially available edge hardware.

5. Conclusions
This paper presented the design, integration, and closed-loop validation of a com-

plete AEB pipeline. Our primary contribution is the system-level demonstration of this
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pipeline, which uniquely integrates a state-of-the-art YOLOv11-based detector, a conserva-
tive depth-fusion logic, and a real-time ROS control loop to leverage the benefits of DVS. To
validate this system, we developed and released a novel two-channel CARLA DVS dataset
and a benchmark of challenging AEB scenarios designed to test known failure modes of
conventional sensors.

Our comprehensive evaluation confirms the central hypothesis of this work: event-
based sensors are a powerful solution for specific, safety-critical scenarios where conven-
tional RGB cameras fail. The DVS pipeline’s high temporal resolution and inherent HDR
capabilities provided decisive, rapid perception in the high-glare tunnel exit scenario. How-
ever, our results also show there is no single superior sensor modality for all conditions.
The DVS system struggled to reliably interpret the sparse event signal from pedestrians, a
task where the semantic-rich RGB sensor excelled. Ultimately, this research validates the
significant potential of event cameras not as a universal replacement, but as a powerful
complementary component in an automotive sensor suite. Their core advantage lies in
providing extreme robustness and low-latency perception in specific, high-risk scenarios
where conventional systems are known to fail.

6. Limitations and Future Work
While our work demonstrates a successful integration, we acknowledge several limi-

tations that provide clear directions for future research as direct extensions of our estab-
lished work:

Control Logic: The AEB control logic was a simple “latching” mechanism that applied
maximum braking until the vehicle stopped. This simplification was used for controlled
test scenarios and is not suitable for real-world applications where a threat might be clear.
Future work could implement a more advanced controller that continuously re-evaluates
the TTC and can de-latch the brakes when appropriate.

Detection Algorithm and Fusion Techniques: Our methodology employed a frame-
based detector (YOLOv11) processing “Sliced Event Frames.” While practical for our
ROS-based system and computationally efficient, this approach does not fully exploit the
microsecond-level temporal resolution of raw event data. A valuable future comparison
would be to benchmark this pipeline against asynchronous, recurrent architectures (such
as RED or RVT) to quantify the trade-offs between system practicality and raw latency.
Also, pairing the RGB camera and DVS camera has becoming a promising approach in
autonomous driving systems. Therefore another direction is implementing and evaluating
a feature-level fusion model that combines DVS, RGB and depth data at a lower level,
which could improve robustness at the cost of computational complexity and tighter
sensor synchronization.

Sensor Modeling: The CARLA sensor’s contrast threshold was fixed at C = 0.3. This
hyperparameter directly affects the event stream’s density and signal-to-noise ratio, as
illustrated in the low-illumination scenario. A comprehensive sensitivity analysis of this
threshold, along with improved dataset labeling techniques, is a necessary next step for
enhancing model robustness.
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Abbreviations
The following abbreviations are used in this manuscript:

AEB Automatic Emergency Braking
DVS Dynamic vision sensor
YOLO You Only Look Once
RNN Recurrent neural network
HDR High Dynamic Range
LiDAR Light detection and ranging
CNN Convolutional neural network
SNN Spiking neural network
DNN Dense neural network
GNN Graph neural network
ROS Robot Operating System
VRU Vulnerable road users
TFRD Time to first reliable detection
TTA Time to activation
CSP Cross Stage Partial
C2PSA Convolutional block with Parallel Spatial Attention

Appendix A
The Appendix provides some key parameters to replicate the testing scenarios pre-

sented in the main paper. It is important to note that these configurations represent discrete
points within a vast operational domain. The performance of AEB applications is known to
vary significantly under different initial speed and distance combinations.

Table A1. Scenario configurations for AEB evaluation in CARLA simulation.

Scenario Set Ego Speed Obstacle Type Initial Distance Key Configuration(s)

1. Tunnel Exit 40 km/h (±5%) Stationary Vehicle 100 m

CARLA Setting:
CARLA MAP = Town03
sun_altitude_angle = 150
sun_azimuth_angle = 180
Vehicle Camera:
"exposure_mode": "histogram"
"exposure_compensation": 0.0
"exposure_min_bright": 6.0
"exposure_max_bright": 12.0
"exposure_speed_up": 0.01
"exposure_speed_down": 1.0

2. Low Illumination 40 km/h (±5%) Stationary Vehicle 100 m CARLA MAP = Town07
sun_altitude_angle = 0(Night/Early Dawn)

3. Pedestrian Crossing 25 km/h (±5%) Dynamic Pedestrian 20 m
(at emergence)

CARLA MAP = Town02
Default (standard daylight)
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