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Motivation

Brief Introduction to Event Cameras

• Event cameras capture changes in input light intensity. 
• Data is transmitted asynchronously from individual pixel circuits. 
• They offer a higher dynamic range and lower latency than 

traditional frame-based cameras.
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Event Camera : Simple Working Principle

• Pixel circuit convert light intensities into electrical signals. 
• But dark and leak currents in the circuit cause noise events.
• Artificial bias currents help counter noise in the output.

Behavior of Noise in Accumulated Events
In low environment lighting: 
• Dark Currents > Input Signals
• Noise Events > Signal Events
• High frequency noises dominate 

event output 
• This leads to a 

high output event rate

In high environment lighting: 
• Input Signals > Noise Currents
• More output events are 

generated from input signals
• This maintains a 

moderate output event rate

Thresholding

So, does maintaining a moderate event rate help reduce the effect of noise in the output events?!💡

Approach
Effect of Biases on Event Camera Output
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Methodology: Proposed Fast and Slow Adaptive Biasing
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Abstract— Event cameras are increasingly popular in robotics

due to their beneficial features, such as low latency, energy effi-

ciency, and high dynamic range. Nevertheless, their downstream

task performance is greatly influenced by the optimization

of bias parameters. These parameters, for instance, regulate

the necessary change in light intensity to trigger an event,

which in turn depends on factors such as the environment

lighting and camera motion. This paper introduces feedback

control algorithms that automatically tune the bias parameters

through two interacting methods: 1) An immediate, on-the-fly

fast adaptation of the refractory period, which sets the minimum

interval between consecutive events, and 2) if the event rate

exceeds the specified bounds even after changing the refractory

period repeatedly, the controller adapts the pixel bandwidth

and event thresholds, which stabilizes after a short period of

noise events across all pixels (slow adaptation). Our evaluation

focuses on the visual place recognition task, where incoming

query images are compared to a given reference database.

We conducted comprehensive evaluations of our algorithms’

adaptive feedback control in real-time. To do so, we collected

the QCR-Fast-and-Slow dataset that contains DAVIS346 event

camera streams from 366 repeated traversals of a Scout Mini

robot navigating through a 100 meter long indoor lab setting

(totaling over 35km distance traveled) in varying brightness

conditions with ground truth location information. Our proposed

feedback controllers result in superior performance when

compared to the standard bias settings and prior feedback

control methods. Our findings also detail the impact of bias

adjustments on task performance and feature ablation studies

on the fast and slow adaptation mechanisms.

I. INTRODUCTION

Event cameras distinguish themselves from traditional
cameras by their unique operational principle. Unlike tra-
ditional cameras, which capture images at set intervals,
event cameras generate data when individual pixels detect
changes in brightness—leading to either an OFF or an ON
event when the change falls below or exceeds a certain
threshold. The resulting output is an event stream that includes
the (x, y) pixel coordinates, a precise timestamp t and
the polarity p indicating the event type (OFF/ON). This
sparse and asynchronous data capture method grants event
cameras high temporal resolution, low latencies, and reduced
power consumption; qualities that could be advantageous
for autonomous systems, particularly in tasks like motion
segmentation, pose estimation, visual odometry, simultane-
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Fig. 1. Closed-loop biasing of event cameras. We perform feedback
control on event camera biases to obtain improved performance for the
visual place recognition (VPR) downstream task. We achieve this by varying
refractory period, pixel bandwidth, and event threshold parameters in real-
time. As illustrated, we modulate these device parameters to monitor and
maintain event-rate from an onboard event-camera mounted on a mobile
robot.

ous localization and mapping (SLAM) and neuromorphic
control [1].

While traditional camera performance has greatly benefited
from extensive optimization efforts over the years, such as
adjustments to converter gain, noise filtering, and exposure
time, this paper focuses on the development of similar
automated feedback control strategies for event cameras.
Given that it is often impractical to manually adjust an
event camera’s bias parameters during robotic missions,
this study presents a case for the necessity of intelligent,
automated tuning based on the event rate – a metric that
counts the number of events within a specified timeframe
– to significantly enhance performance in downstream tasks
(Figure 1).

We demonstrate our proposed feedback controllers on the
Visual Place Recognition (VPR) task [2]–[5]. VPR benefits the
long-term autonomy of mobile robots as a core component in
localization and mapping algorithms, including loop-closure
in SLAM and for global re-localization in kidnapped robot
scenarios. Event-based VPR has seen an increased interest
over the past few years [6]–[13], but an in-depth investigation
of the impact of the bias parameters on VPR performance is
lacking until now.

Our contributions are summarized as follows:
1) The introduction of a novel closed-loop feedback

controller that, for the first time, seamlessly integrates
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Downstream Task: 
How do we know this way of biasing helps?
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• We evaluate on the task of 
Visual Place Recognition (VPR).

• In VPR, incoming query images are 
compared with a large number of 
reference images to find the best 
matching reference image. 

Results

Baselines
• Default: Naively use the biases on jAER when it is started [1] 
• PxBw: Feedback control of pixel bandwidth to limit noise [2]
• RfPr: Feedback control of refractory period to limit event rate [2]
• PxTh: Feedback control of event threshold to bound noise [2]

Quantitative Comparisons (Metric: Recall@1)

Reference Query Default [1] PxBw [2] RfPr [2] PxTh [2] Ours

High
Brightness

Low 0.43 0.5 0.48 0.83 0.85

Medium 0.96 0.96 0.91 0.91 0.96

High 0.96 0.96 0.87 0.92 0.96

Low
Brightness

Low 0.90 0.96 0.81 0.91 0.96

Medium 0.70 0.88 0.62 0.76 0.93

High 0.67 0.87 0.67 0.75 0.91

• Superior performance in VPR using our approach
• Notable performance improvements in conditions of maximum 

difference between reference and query sets; i.e. reference set 
comes from the high brightness and query comes from low 
brightness sets (0.85 Recall@1) and vice versa (0.91 Recall@1).
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Precision-Recall Curves

Ablation Study 1: How often do we perform Slow Changes?
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Ablation Study 2: Other Internal Baselines?
• N is the number of fast changes during 

which the event rate consistently 
remains outside the desired bounds to 
trigger a slow change.

• N = 5 was chosen for the main 
experiments above.

The fast + slow controller 
performs much better when 
compared to the individual 
fast controller, slow 
controller, and a constant 
biased setting. 
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• The worst performing run from each method is chosen for plotting the PR curves. 
• Our performance remains better or on-par with the baselines in high-brightness reference conditions (top).
• Our approach performs better than all baseline techniques in low-brightness reference conditions (bottom). 
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