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Ultrafast Dynamic Defect Inspection With Computational
Neuromorphic Imaging

Shuo Zhu,* Qianfeng Yin, Chutian Wang, Jianqing Huang, and Edmund Y. Lam*

Inspecting surface defects is critical for ensuring quality in advanced
manufacturing. However, current defect inspection techniques are largely
limited to ideal imaging conditions and require vibration-free environments
when using traditional industrial cameras. These frame-based cameras
typically exhibit latency and a limited dynamic range, leading to vulnerabilities
in production quality and restricting their efficiency in meeting increasing
production demands. To address this challenge, a novel inspection paradigm
is developed, using computational neuromorphic imaging (CNI) for ultrafast
dynamic defect inspection. By leveraging the high temporal resolution and
high dynamic range of event-based sensors, CNI enables ultrafast, exceptional
dynamic range yet cost-effective defect inspection while minimizing
perceptual and computational latency. Experimental results demonstrate
event processing sampling times spanning 300-fold in fast motion and
dynamic ranges exceeding 10000-fold under varying illumination. Additionally,
event-driven data facilitates direct edge detection and visualization of defects,
which is critical for real-time continuous diagnosis. Vibration is also utilized to
enhance structural defect detection and improve robustness in practical
settings. CNI offers unique advantages for industrial applications, enabling
defect inspection across diverse products and complex conditions. This
approach opens up a new route toward ultrafast industrial inspection in
challenging environments, addressing the growing demands of mass
real-time inspection and intelligent diagnosis in precision manufacturing.
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1. Introduction

The manufacturing industry is crucial,
fueling innovations across various tech-
nology sectors and driving advancements
in numerous fields. Consequently, in-
dustrial inspection is essential, involving
meticulous examination of microchips
to detect defects and ensure their qual-
ity, reliability, and performance.[1–6] For
example, as the semiconductor industry
advances along the trajectory projected
by Moore’s law and the growing market
demand, conventional inspection solutions
face mounting challenges in addressing
manufacturing requirements.[7,8] Defect
inspection in semiconductor manufactur-
ing is an urgent step, identifying flaws
such as scratches, pits, contaminants,
and stains that compromise product
integrity and functional performance. Ad-
vances in image sensors and integrated
imaging techniques have enabled sig-
nificant progress in addressing practical
challenges across micro- to macro-scale
imaging applications.[9–13] Consequently,
industrial inspection leverages advanced
technologies like optical microscopy, visual-
ization systems, and intelligent algorithms
to identify imperfections, playing an

irreplaceable role in high-performance manufacturing.[14–17]

However, the process faces persistent challenges, particularly
the urgent need to enhance efficiency, speed, and reliability si-
multaneously. Industrial products often incorporate materials
with wide dynamic ranges, such as reflective metals and sil-
icon, which can cause system uneven illumination. Addition-
ally, the use of complex micro-imaging systems and limitations
posed by micro/nano-scale prototypes may compromise signal
capture efficiency. Concurrently, environmental factors like vi-
bration, i.e., an unavoidable issue in micro/nano-structures, fur-
ther complicate the inspection process.[18] Addressing these chal-
lenges necessitates the development of advanced defect inspec-
tion methodologies and intelligent diagnostic approaches.
Bio-inspired neuromorphic sensors, also known as event cam-

eras, are emerging imaging devices with more attractive prop-
erties than conventional sensors, which asynchronously cap-
ture per-pixel luminance changes and offer attractive properties
for advanced sensing and imaging super-fast dynamics of mo-
tion targets.[19–22] Computational neuromorphic imaging (CNI),
which integrates event cameras, optics, and computational mod-

Adv. Sci. 2025, 12, e10338 e10338 (1 of 11) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH

http://www.advancedscience.com
mailto:zhushuo@hku.hk
mailto:elam@eee.hku.hk
https://doi.org/10.1002/advs.202510338
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fadvs.202510338&domain=pdf&date_stamp=2025-09-23


www.advancedsciencenews.com www.advancedscience.com

els, represents a promising frontier in optical imaging. The CNI
technique makes use of event sensors that encompass time-
efficient imaging, high dynamic range reconstruction, and high-
sensitivity sensing, and is ideally suitable for detecting ultrafast
dynamic information and is robust to challenging environments.
CNI encompasses ultrafast dynamic analysis, high-sensitivity
sensing, and energy efficiency, offering the transformative poten-
tial for academic research and industrial applications frommicro
tomacro settings.[23–27] The CNI-informed approachmerges neu-
romorphic vision sensors with advanced algorithms, overcom-
ing the inherent limitations of traditional methods in capability
and efficiency. The growing demand for energy-efficient, high-
performance optical sensing, spanning machine vision to optical
communication, necessitates innovation in spatiotemporal data
processing at near single-pixel scale.
For industrial inspection, conventional techniques encom-

pass multi-pixel photodetector arrays and frame-based optical
systems. State-of-the-art frame-based inspection methods, even
those using advanced learning techniques, are data-driven and
rely on high-quality images. Their effectiveness hinges on the
availability of such images, limiting performance when im-
age quality is compromised.[28] These methods often strug-
gle to achieve rapid, real-time detection and processing of dy-
namic targets within the sensor. Challenges escalate in handling
high-dimensional spatiotemporal data, where dependence on se-
quential data input and external processing introduces latency,
reduced throughput, and higher energy consumption, hinder-
ing parallel real-time capabilities.[26,29–31] The CNI-informed sys-
tem achieves initial sample focusing in milliseconds,[32,33] en-
hancing efficiency across manufacturing and diagnostic work-
flows. Event cameras also detect subtle surface light inten-
sity changes caused by equipment vibrations, visually rep-
resenting mechanical behaviors.[34,35] Consequently, the Bio-
inspired system possesses an efficient information perception
and computational capability, which is crucial in addressing
the aforementioned challenges in imaging and vision. While
event cameras have been widely used in computer vision and
robotics, their application to micron-level industrial defect in-
spection is a new frontier with unique challenges. Our CNI ap-
proach addresses these challenges by integrating event cameras
with a high-magnification optical system and advanced com-
putational models. Unlike conventional frame-based cameras,
which struggle with motion blur and limited dynamic range
in such conditions, our method excels in these demanding
scenarios.
To achieve this, we develop an ultrafast dynamic defect inspec-

tion method that achieves exceptional temporal resolution, en-
abling robust detection under varying illumination. Combining
an event camera with an optical microscopy system, the CNI-
informed method leverages high temporal and high dynamic
resolution to enhance inspection capability and efficiency while
minimizing latency. Additionally, event characteristics can be
used for direct defect visualization along the edges, a critical
link in real-time continuous defect diagnosis. Furthermore, vi-
bration data analysis extracts structural defect features, improv-
ing detection robustness. This approach uncovers previously un-
detectable defects, surpassing conventional characterization lim-
its. With its high speed, low latency, and wide dynamic range,
the CNI-informed method offers unique advantages for imaging

faint defects and applies to diverse industrial products and com-
plex scenarios.

2. Results

2.1. Design of the CNI-Informed Inspection System

Event cameras represent a transformative imaging paradigm,
capturing dynamic signals with low power consumption and ver-
satile processing capabilities.[36] This paradigm enables ultrafast
dynamic responses, overcoming inherent limitations in signal
accuracy and misjudgment faced by conventional methods. De-
fect signals are initially converted by bio-inspired circuits and
then processed in real-time with inspection assistance. Our re-
ported approach demonstrates the CNI-informed defect inspec-
tion of sophisticated structures within different samples, under
complex environments, enabled by cost-efficient yet powerful
event cameras. Subsequently, leveraging these attractive proper-
ties of neuromorphic sensing, the CNI framework surpasses tra-
ditional frame-based systems in accuracy and efficiency, particu-
larly in challenging inspection environments.
As illustrated in Figure 1a, we design the CNI-informed dy-

namic inspection system integrating an event camera with an
optical bright-field microscopy system, employing a coaxial for-
ward illumination scheme. More experimental hardware infor-
mation can be found in Methods and Note S1 (Supporting Infor-
mation). Experimental data of semiconductor chip inspection are
presented in Figure 1b for the defects visualization, which is col-
lected by the developed CNI-informed optical system. Inspired
by the neural architecture that might enable more efficient anal-
ysis and computation with differential approaches, our inspec-
tion system is sensitive to dynamic signals. Compared to discrete
conventional frames, we can obtain a continuous event stream
within the CNI framework. An event ek = (xk, pk, tk) is triggered
when the logarithmic brightness change L(xk, tk) exceeds a preset
threshold C at the timestamp tk

ΔL(xk, tk) ≜ L(xk, tk) − L(xk, tk − Δtk) = pkC (1)

where xk = (xk, yk) is the spatial coordinates, and ΔL(xk, tk) repre-
sents the recorded temporal increment with the time elapsedΔtk
since the last event at the same pixel xk.

[37,38] During the inspec-
tion process on the production line, defects typically manifest
alongside the generation of abnormal events. Therefore, event-
based defect detection exhibits superior sensitivity and robust-
ness compared to traditional frame-based methods, particularly
in situations involving high-speedmotion or high dynamic range
challenges. Benefiting from the advanced properties and unique
response mechanism of event cameras, defects can be identified
even in complex inspection conditions, such as those involving
fast-moving samples or requiring high dynamic range sensing.

2.2. Dynamic Defect Visualization With the CNI Framework

Timely detection and visualization of semiconductor defects are
critical in product manufacturing and diagnostics, particularly
for subtle flaws such as light scratches, micro-pits, and low-
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Figure 1. Schematic of ultrafast sensing and inspecting defects using an event camera. a) The optical setup used for defect inspection. A camera with
simultaneous events and frames output is embedded into a bright field microscopy system for moving sample inspection. b) The output frames and
event data, and the inspection workflow for the fast-moving sample. The presented defect is a stain on the chip. c) The defect visualization with collected
frames, accumulated events, and the corresponding normalized intensities of the line in different regions. The presented defect is a small scratch on
the chip, and our method has better and more robust visibility.

contrast contaminants, which are challenging to identify un-
der fast dynamics or complex inspection conditions. Address-
ing these challenges requires developing advanced detection
schemes to ensure reliability. Manufacturers prioritize robust de-
fect detection to mitigate economic losses and reputational risks.
As shown in Figure 1b,c, the CNI-informed method excels in di-
verse and challenging defect inspection scenarios. In situations
involving fast motion and high-dynamic manufacturing environ-
ments (such as low light or excessively bright lighting condi-
tions), it is challenging to visualize and extract blemish features,
making them relatively difficult to detect and diagnose. Despite
the improved defect contrast offered by the coaxial forward light-
ing scheme,[39] the event camera, with its superior responsive-
ness to moving targets and logarithmic response mechanism,
broadens the dynamic range of target detection. This makes de-
fect inspectionmore efficient and precise, particularly in extreme
manufacturing environments.
In contrast to standard production areas, defect generation

results in unique and significantly different events within the
detection framework of the CNI paradigm. This can aid us in
rapidly, efficiently, and accurately inspecting defect-related infor-
mation. As illustrated in Figure 1b, the overall structural details
of the wafer or chip are predefined, allowing predictable event
patterns during motion diagnostics. This predictability enables
precise spatial localization and parameter extraction from defect-
related events, distinguishing them from normal product sig-
nals. As illustrated in Figure 1c, our method for defect sensing
and inspection exhibits enhanced responsiveness, with charac-
teristics that are more distinct than those observed in conven-

tional approaches. The drawn lines depict the normalized inten-
sities of the image, and the curves in the figure show that our
method enables a clearer and more explicit characterization of
the defects, making them easier to detect. These results indicate
that the CNI-informed scheme facilitates easy differentiation be-
tween defects and backgrounds. Successful defect inspection is
also confirmed by Video S1 (Supporting Information), which vi-
sualizes the defects of fast-moving samples generated from each
output event according to the abnormal dynamics. Therefore, we
can harness the advanced dynamic response properties of event
cameras for challenging defect inspection, validating it across var-
ious demanding manufacturing environments.

2.3. Experimental Validation of CNI-Based Defect Inspection

We have showcased the CNI-informed inspection method across
various challenging environments, including high-speed detec-
tion, high dynamic range sensing, direct edge visualization, and
using vibration for defect inspection. Preliminary experimen-
tal results indicate that the CNI-informed approach can be har-
nessed as a straightforward yet potent technique for ultrafast dy-
namic defect inspection. It transcends traditional limitations and
transforms drawbacks into advantages.
High-speedmotion detection of semiconductor chips is critical

for enhancing production efficiency. With their superior motion
perception, event cameras outperform traditional cameras in di-
agnosing defects in moving samples. Figure 2a displays the data-
only connection visualization results for different moving sam-
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Figure 2. Defect inspection for dynamic samples using event sensors. a) and b) are direct data visualizationswith frames and events. a) Data visualization
results of dynamic defect at different motion speeds (i.e., 1, 3, 5, 7, and 9mm/s, respectively) in frame and event modes. From left to right, the speed of
movement gradually increases. b) Data visualization results of dynamic defects at different illumination conditions with frame and event modes. From
left to right, illumination conditions from low light to over-bright lighting (i.e., 0.145, 19.72, 114.8, 537.4, and 1638 lux, respectively). c) Defect image
reconstruction using pure events with our method. Scale bars: 500 μm.

ples. These results reveal that, at low speeds, traditional frame-
mode cameras can effectively visualize defects and extract defect
features. The exposure time of frame mode is set as 0.1 s (i.e.,
10 fps), and the initial time windows of the accumulated event
are also set as 0.1 s. However, as sample speed increases, tradi-
tional detection methods struggle to adapt to high-speed motion
diagnosis scenarios. In contrast, event cameras continue to de-
liver reliable diagnostic results.

The CNI-based approach significantly improves the efficiency
and accuracy of defect inspection for fast-moving semiconductor
chips while ensuring robust environmental resilience. The reflec-
tion coefficients of semiconductor chips made from various ma-
terials can vary widely. Integrated circuit boards of different types
usually exhibit varying reflection characteristics. For instance,
semiconductor chips, which possess high reflection coefficients
and ultra-smooth surfaces, are susceptible to over-exposure or
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under-exposure when the installation is uneven or the packag-
ing is improperly adjusted. These issues are exacerbated during
high-speed motion detection, where motion device stability and
flatness can further challenge the effective dynamic range of de-
tection.While current deblurringmethods offer limited improve-
ments for fast-motion samples,[40] their effectiveness declines as
motion speed increases. Additional comparative experimental re-
sults are provided in Note S8 (Supporting Information).
Event cameras offer a very high dynamic range (i.e., up to

140 dB than conventional 60 dB), which extends the sensing ca-
pability in extremely dark and bright environments with CNI-
informed approaches.[41,42] As illustrated in Figure 2b, the event
camera can effectively visualize sample defects under varying ex-
posure conditions and extract defect features in different extreme
illumination environments. In contrast, traditional frame cam-
eras often fail to diagnose defects effectively, leading to signif-
icant information loss in both dark and bright scenes. The re-
sults presented in this paper confirm that, owing to their logarith-
mic response characteristics, event cameras exhibit heightened
sensitivity to visualize defects in extremely bright and low-light
environments. The CNI-based defect inspection method demon-
strates superior sensitivity and diagnostic capabilities in low-light
conditions, aligningwell with the current emphasis on low power
consumption and high efficiency in production settings. Our in-
spectionmethod with event processing in the dynamic range can
span 10000-fold in different illumination conditions. Therefore,
our technique is feasible to maintain inspection robustness for
reflective properties of different samplematerials,making it ideal
for complex, multi-category defect inspections. Concurrently, the
concept of the dark factory has gained popularity, emphasizing
full automation and requirements for low-power consumption
as well as other aspects of computation and energy efficiency.
For final image reconstruction, we use pure events to enhance
the visual performance of defect images. As shown in Figure 2c,
our method enables the reconstruction of images at high motion
speeds and with high dynamic ranges in illumination environ-
ments (i.e., extremely dark and bright settings). The detailed in-
troduction of reconstruction algorithms is presented in theMeth-
ods part and Notes S2 and S3 (Supporting Information). These
results facilitate precise sample analysis and diagnosis, under-
scoring the method’s potential for advanced industrial applica-
tions. Additional results under challenging illumination condi-
tions are presented in Note S4 (Supporting Information). The
CNI-informed approach can handle varying sample sizes, surface
roughness, and reflectivities with great imaging capability, which
maintains performance across surface finishes. More examples
are presented in Note S9 (Supporting Information).
We further analyze the ultrafast temporal resolution with our

method in Figure 3, which contains detailed results about the
performance with the time window and event number. Here, the
CNI-informed approach captures a continuous stream of high-
temporal resolution events, equivalent to a single conventional
frame that captures a blurred defect image. These events are de-
composed into discrete temporal windows for subsequent analy-
sis and reconstruction. As shown in Figure 3a, decomposing the
event stream data, equivalent to the data from multiple conven-
tional frames, yields a sequence of high-resolution defect images.
This method also facilitates dynamic tracking of defect positions
across temporal windows. The displacement results in Figure 3d

closely match the linear motion of the system’s platform, val-
idating the method’s accuracy when incorporating the optical
system’s magnification and motion stage parameters. The expo-
sure time in traditional camera mode remains consistent, i.e.,
0.1 s. As the object’s motion speed increases to 10mm/s, images
captured by traditional methods exhibit severe blurring, render-
ing them ineffective for defect analysis. In contrast, the collected
event data forms a continuous, finely divisible stream with high
temporal resolution. By selecting varying time windows, we can
visualize and reconstruct defects with high precision. As shown
in Figure 3b, the initial time window is set to a predefined ac-
cumulation time with 0.1 s divided by 10 (i.e., 0.01 s), with sub-
sequent windows progressively reduced by factors of 1, 20, 50,
100, 200, 300, and 400 (i.e., 0.1 s, 0.005 s, 0.002 s, 0.001 s, 0.0005 s,
0.00033 s, 0.00025 s). Even with significantly fewer events (i.e.,
down to 0.33% of the original data), the approximate shape and
relative position of defects remain discernible. Correlation co-
efficients are calculated for defect images reconstructed under
ideal conditions using varying fractions of the total event data.
As shown in Figure 3e, when reconstructing with only 1/400 of
the events, the correlation coefficient falls below 0.5, indicating
unreliable defect detection. However, increasing the event count
to 1/300 achieves a correlation coefficient of 0.9, enabling robust
defect reconstruction. The proposedmethod demonstrates a 300-
fold improvement in temporal coverage compared to prior ap-
proaches, significantly enhancing the reliability and accuracy of
defect analysis over extended time spans. The event processing
speed of this experiment can span 300-fold for ultrafast moving
samples. Integrating artificial intelligence techniques could en-
hance the method’s performance in such scenarios.[43,44] There-
fore, this approach demonstrates a substantial improvement in
defect diagnosis with ultrafast speed and flexible performance
compared to traditional methods.
Edge detection is a fundamental challenge in computer

vision and image processing, critical for simplifying image
analysis, enhancing interpretability, and enabling downstream
applications.[45] In industrial inspection, edges serve as key indi-
cators for defect identification, segmentation, and analysis. Rapid
and accurate edge detection is a practical tool to address numer-
ous inspection problems, while neuromorphic computing can
provide a powerful way to precisely solve this point.[19,46–48] Events
aligned with motion inherently capture sharp, edge-coincident
spatial structures.[49] The event camera, unlike the traditional
frame-based camera, generates sparse event data at a pixel whose
logarithmic intensity changes, and the corresponding event is
generated in a nearby pixel with the shape of an edge that can be
preserved.[50] Here, we employ contrastmaximization (CM) as an
optimization framework to refine these structures, aligning spa-
tiotemporal event data with moving intensity gradients.[51,52] As
shown in Figure 4, the edge of the defect can be directly visualiza-
tion using the raw events and enhanced edges with the image of
warped events within the CNI paradigm. The edge information
of ultrafast dynamic defects can be displayed for real-time diag-
nosis with millisecond-aligned events. The developed technique
utilizes the captured events directly to characterize yet appear to
be edge information and to visualize defect edges and features
concisely and efficiently with a simple warp. The experimental
results demonstrated that our edge visualization and detection
method is robust under various moving conditions. The experi-
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Figure 3. Analysis for ultrafast defect inspection with subdivision of time window. a) Events and reconstruction results for the continuous time windows
division. The presented events and figures are subdivided from the duration of the corresponding frames with a fixed exposure time. b) The defect
data visualizations with warped events and image reconstructions with pure events. Events visualization and reconstruction results of dynamic defect
at motion speed 10mm/s, are with the predefined time window of 0.1 s. Hence, the time windows of the presented results are 0.1 s, 0.01 s, 0.005 s,
0.002 s, 0.001 s, 0.0005 s, 0.00033 s, and 0.00025 s, respectively. c) The blurry image with conventional frame mode and the exposure time is 0.1 s. d)
The evolution of the pixel shift with the first starting position and corresponding event number. e) The evolution of the correlation coefficient with the
second predefined image and the corresponding number of used events. Scale bars: 500 μm.

mental results demonstrate the efficacy of our developed method
in detecting direct edges in complex dynamic scenes, with mini-
mal motion blur in the obtained edge information. Note S5 (Sup-
porting Information) provides additional edge visualization re-
sults and analyses on different samples, further validating the
efficacy, robustness, and expandability of our method.
In traditional optical inspection, vibration is typically consid-

ered a detrimental factor, compromising the accuracy and reli-
ability of detection and diagnosis.[53] This is particularly prob-
lematic in high-resolution optical systems, where even minor
vibrations can cause motion blur and hinder quantitative mea-
surements. Here, we introduce the use of vibration with the
CNI approach to combat blur in practical scenes. In this con-

text, the relative motion induced by vibration can be utilized to
enhance image resolution by using the correlated events con-
taining sample structure information for high-magnification de-
fect diagnosis. To reconstruct defect images using vibration,
we employ the same method as the above that utilizes micro-
motion triggered events. Benefiting from the high temporal res-
olution events, we precisely use events generated by unidirec-
tional movement displacements within one cycle for IWE and
image reconstruction. As demonstrated in Figure 5, the intro-
duction of external vibration causes the frame-mode camera of
the transmission to produce motion blur, thus reducing the
contrast of the captured image and affecting the precise detec-
tion of the sample and the visualization of defects.[54] We em-
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Figure 4. Directly edge visualization of defects using CNI-informed inspection. The first row displays the samples to be examined at varying motion
speeds, the subsequent three rows illustrate the edge information obtained through the utilization of Canny’s algorithm with frames, and the third and
fourth rows present the outcomes of the samples represented directly through raw events and warped events. Scale bars: 500 μm.

Figure 5. Harnessing vibration for defect inspection under the highermagnification. a) An alternative 20X objective is used to verify the inspection perfor-
mance under vibration in a larger magnification. b) The raw collected frame data and events with vibration. c) The normalized frame and reconstruction
with pure events. d) Zoom-in images of the defective area of interest in subFigure c). e) Normalized intensity at the descriptive lines in subFigure c).
Scale bars: 200 μm.
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Figure 6. Key attributes and potential future applications of CNI-informed inspection. The CNI approach combines attractive attributes highlighted in
the following potential future defect inspection applications: in each example, event cameras are used to capture ultrafast dynamics under challenging
scenarios. a) The high temporal resolution allows for defect inspection in high-rotated motion (e.g., running aircraft turbine inspection). b) The high
pixel bandwidth allows real-time defect data transmission (e.g., road surface inspection). c) The high dynamic range allows challenging manufactur-
ing monitoring (e.g., weld metal inspection). d) The small probing area allows mesoscopic/microscopic dynamics detection (e.g., biomedical tissue
inspection).

ploy the events generated by the vibration to facilitate event
characterization and reconstruct structural information perti-
nent to sample defects. The reconstruction results show that
the structural information of the chip can be efficiently recon-
structed, thanks to the high temporal resolution capability of
the time camera. From Figure 5c,d, it is evident that image
reconstruction and defect detection based on vibration events
provide better visualization and resolution compared to tradi-
tional frames. Additionally, the corresponding visualization re-
sults indicate that the event-based method offers superior reso-
lution capability compared to frame-mode data. More vibration
results and analysis are provided in Note S6 (Supporting Infor-
mation).

3. Discussion

We have showcased our ultrafast dynamic inspection tech-
nique that employs CNI technique to eliminate dynamic-
induced artifacts, eliminating dynamic-induced artifacts
across various distinct environments. However, the CNI-
informed framework is versatile and should apply to a va-
riety of industrial inspection methods. By capitalizing on
the high temporal resolution and high dynamic range of
events, this approach provides distinct advantages in imag-
ing subtle defects, thus enhancing defect detection across a
broader range of industrial products and complex inspection
scenarios.
While CNI-informed inspection is a powerful tool for ana-

lyzing ultrafast dynamic scenes using continuous event data,
its effectiveness depends on motion and variation, with per-
formance governed by temporal resolution and logarithmic re-
sponse. In contrast, frame-based sensors frequently grapple with
latency and a constrained dynamic range, rendering them ill-
suited for extreme inspection scenarios. Additionally, traditional
methods face trade-offs in the field of view, resolution, and de-
tection efficiency. As illustrated in Figure 6, the CNI-informed
inspection holds wide-ranging potential applications. For exam-
ple, this method can be used to inspect running aircraft tur-

bines with high temporal resolution, which is crucial for de-
fect inspection in high-rotation motion. As it is feasible to al-
low the system to dynamically autofocus and capture circular
motion-induced events that the image plane is accurately ob-
tained and motion is effectively frozen, ensuring that defects are
visible without blurry artifacts. Second, high pixel bandwidth is
essential for real-time defect data transmission, enabling the sys-
tem to quickly send and process large amounts of image data.
This is particularly important in applications where immediate
action is required to address detected defects, such as round-the-
clock road surface inspection with a high-speed working vehi-
cle. Third, benefiting from the robustness capability to high dy-
namic scenes, our technique can handle defect inspection un-
der varying light conditions, making it useful in manufactur-
ing environments like weld metal inspection. Fourth, it can fo-
cus on small details with high sensitivity, making it ideal for
biomedical tissue inspection at mesoscopic and microscopic lev-
els. Despite its advantages, challenges remain, and further op-
timization of event-based techniques is needed for specialized
applications.
Within the CNI paradigm, there is scope to explore more

implementations of advanced imaging and optical modulation
among challenging academic research and numerous industrial
applications, ranging from micro- to macro-level scenarios (e.g.,
compressed ultrafast photography, microfluidics, and dynamic
biomedical imaging).[27,55–57] In addition to optical modulation
and systems to refine the CNI paradigm in such micron-level
scenarios. Integrating advanced intelligence algorithms is a pow-
erful way to further improve CNI techniques.[58,59] For exam-
ple, to design more efficient learning-assisted CNI techniques,
spiking neural networks (SNN) are well-suited for processing
event-based data due to their ability to handle asynchronous,
sparse inputs efficiently. By leveraging SNNs, we can potentially
improve robustness with sparse event data by learning tempo-
ral correlations and spatial relationships. Future work will ex-
plore optical modulation and SNN integration into our CNI
framework, which could further enhance robustness with event
stream data.

Adv. Sci. 2025, 12, e10338 e10338 (8 of 11) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH
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4. Conclusion

In summary, we have developed an ultrafast dynamic inspec-
tion technique for defect feature visualization, validated through
proof-of-principle experiments. The unique inspection philoso-
phy inherent in the CNI paradigm renders it ideal for challenging
dynamic environments where conventional methods fall short.
Using events facilitates direct edge visualization of defects, which
is instrumental for real-time and robust defect inspection. Ad-
ditionally, we harness vibrations to derive informative aspects
for the event generation of structural defects. The CNI-informed
method reveals previously undetectable features, enabling un-
precedented sample characterization. These capabilities are es-
sential for downstream tasks and advanced inspection analysis.
Our work establishes a new paradigm for industrial inspection,
addressing the growing demand for real-time mass quality con-
trol and intelligent diagnostics in manufacturing.

5. Experimental Section
Experimental Setup: This study applies the CNI method and computa-

tional algorithm for ultrafast defect inspection using an event camera with
an optical microscopy system. The designed setup is shown in Figure 1a,
which combines an event camera and a bright field microscopy system for
semiconductor defect inspection. A simple commercial bright field micro-
scope system is employed as the optical system, and an event camera is
selected as the signal detector. We use an event camera (iniVation, DAVIS
346, 346 × 260 pixels) with a time resolution of approximately 1 μs per sin-
gle event, and the dynamic range of event mode is about 120 dB. DAVIS
346 also supports simultaneous frame and event output. The measure-
ment rate of frame mode is up to 40 fps, and the corresponding dynamic
range is about 40 dB. A white LED is employed as the light source to illu-
minate the defect sample, which can adjust the luminance for different il-
lumination conditions. A semiconductor chip is selected as the inspection
sample and is mounted on the linear translation stage (WN262TA20, Win-
ner Optics). Here, we employ the translation stage for a single-direction
motion and dynamic defect inspection. More detailed system descrip-
tions, discussion of hardware, and potential expansion with different se-
tups are provided in Supplementary Note 1.

Data Acquisition: The samples were tested at varying speeds of 1, 3,
5, 7, and 9mm/s respectively. The first type of motion, i.e., the speed with
1mm/s, is with the time window for accumulating events at 0.1 s, and
the exposure time of frames is the same as it. Beneficial from the high
temporal resolution of events, the time windows of other motion states
are proportionately reduced with the speed increase, and the rates are
inversely proportional to the magnitude of the speed. The variable time
windows so that the number of events used is essentially the same. For
varying cases of illumination brightness, we also employed five different
intensity modes and maintained the movement speed at 2mm/s during
data acquisition. During the high dynamic range tests, we used a photome-
ter (TES-1339R, measuring levels ranging 0.01 to 999.900 lux, resolution:
0.01 lux) to quantitatively calibrate the illumination conditions of the in-
spection environment. We opted to generate events using the vibration
produced when the motor is immobilized in a fixed position. An alterna-
tive 20X objective is employed to further verify the inspection performance,
introducing more vibrations to the subsequent effect with a larger magni-
fication. Different motor speeds correspond to different vibrations, yet no
stage displacement, and in this case, we selected the vibration frequency
generated at a speed of 0.5mm/s for event generation and data acquisi-
tion. The RGB images in this work are converted into grayscale images for
corresponding post-processing and comparison.

Data Processing and Defect Reconstruction: In the optimization en-
hancement process of practical event stream data, the time duration Δt
is set as 1 × 105 μs. The frame exposure time is the same as the event

accumulation time and the frame interval is set to be zero, for a fair com-
parison with the event-based method. Here, we first tackle the combined
problem ofmotion and brightness estimation, which leads us to formulate
event-based image reconstruction as a linear inverse problem.

The estimated optimal flow can be solved by maximizing the sharpness
of the image of warped events (IWE), which is characterized by the vari-
ance

v∗ = max
v

1
|Ω| ∫Ω

(
ΔL̂(x; v) − 𝜇

(
ΔL̂(x; v)

))2
dx (2)

where |Ω| is the area within the sensor boundary,ΔL̂ is the IWE by accumu-
lating events along the point trajectories, and 𝜇(·) represents the statisti-
cal mean.[51] Subsequently, as the clearest IWE provides an estimation of
the motion-corrected increment within Δt, its spatial distribution can be
physically interpreted as the gradient according to the known optical-flow
constraint[37]

ΔL̂(x; v∗) ≈ ΔL(x) = −∇L(x) ⋅ v∗Δt (3)

As such, the optimal logarithmic intensity of the defect image can be
solved by minimizing the data fidelity cost function

L∗(x) = argmin
L

1
2
||ΔL̂(x; v∗)

+∇L(x) ⋅ v∗Δt||22 + 𝜅1||∇L(x)||1
+𝜅2||∇2L(x)||1 (4)

where || · ||p represents the p-norm, and 𝜅1, 𝜅2 are the weights of the regu-
larizers. Here, the selected hyperparameters of the regularizer weights are
𝜅1 = 0.05, 𝜅2 = 0.01, respectively. More details about the effect of opti-
mized parameters are provided in Note S3 (Supporting Information). We
can obtain the optimized signals for defect inspection and further anal-
ysis, and the IWE has sharp visualization to represent the sample edges
well, which is helpful for real-time diagnosis.

Supporting Information
Supporting Information is available from the Wiley Online Library or from
the author.
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