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Abstract SpikeCV is a new open-source computer vision platform desig ned for the spike camera, a neuromorphic visual sensor that
has seen rapid development in recent years. Unlike traditio nal cameras, the spike camera operates without a global shut ter; instead,
each pixel accumulates light intensity and asynchronously res spikes when a preset threshold is reached. These binary spikes can be
generated at frequencies up to 40000 Hz, o ering a new mode of visual representation with high spatiotemporal resolutio n, capturing
continuous visual information from the environment. Takin g advantage of the spike camera's low latency and high dynami c range, many
spike-based algorithms have made signi cant progress, suc h as high-quality imaging and ultra-high-speed target dete ction. To foster a
collaborative ecosystem for spike vision, SpikeCV provide s ultra-high-speed scene datasets, hardware interfaces, a nd a comprehensive
module library. It emphasizes data encapsulation, standar dization of dataset interfaces, modularity for vision task s, and support for
real-time applications in challenging scenarios. Unlike e xisting vision frameworks, SpikeCV is speci cally optimiz ed for spike data and
real-time processing, addressing the unique requirements of spike-based systems. With the advent of the open-source P ython ecosystem,
modules of SpikeCV can be used as a Python library to ful Il mo st of the numerical analysis needs of researchers. We demons trate the
e ciency of the SpikeCV on oine inference and real-time app lications. The project repository address and website are h ttps://openi.
pcl.ac.cn/Cordium/SpikeCV and https://spikecv.github. io.
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1 Introduction

Traditional digital cameras capture visual information as a continuous sequence of frames, but there is a xed
exposure time interval between each frame. This results in the lossf visual changes that occur during these
intervals. Visual changes during the interval are thus lost. For clanging scenes, recording continuous vision should
pay more attention to the light signal itself. As noted by von Neumann in The Computers and the Brain[1], discrete
nerve spikes can express continuous analog values, such as lightdasound. The spike camera, 3] eliminates the
traditional concept of a shutter, as each pixel res a spike wheneer the accumulated photon intensity reaches a
preset threshold. In the spike stream, regions with higher scenerlghtness generate spikes more frequently, re ecting
the continuous variation in light intensity.

Spike camera continuously capturing visual data o ers signi cant advantages in challenging scenarios, such as
analyzing high-speed molecular or object motion4], monitoring industrial machining processes $, 6], and enabling
rapid obstacle avoidance in drones and autonomous vehicle3,[B]. In recent years, taking advantage of the low
latency and high dynamic range (HDR) of the spike camera, many spi&-based algorithms have emerged, including
high-quality image reconstruction [9{ 13], optical ow [ 14,15], depth estimation [16,17], and ultra-high-speed target
detection and tracking [3, 18], and HDR imaging [19{21]. In addition to applying spike cameras to vision tasks,
there are studies dedicated to coding and simulators for spike camas [14, 15].

Unlike traditional vision systems that rely on frame sequences, spi& cameras output a continuous stream of
bits representing light changes at extremely high speeds. Howevealmost all tools in computer vision serve image
sequences, such as OpenC\23]. As the Chinese proverb goes, "To do a good job, one needs the righols'. While
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Figure 1 (Color online) Core design principles of SpikeCV: SpikeCV e nables the capture of continuous visual information from th e world using
spike cameras and supports the growth of the spike vision eco system.

spike cameras and spike-based algorithms have made signi cant pgoess, the steep learning curve for beginners in
spike vision remains a barrier. Therefore, to better promote the dvancement of machine vision using continuous
vision based on spikes, we build a spike-based open-source platforfor spike cameras, SpikeCV.

The key challenge in creating SpikeCV is standardizing datasets acss dierent vision tasks and providing
a uni ed data interface for both oine les and real-time spike strea ms. Integrating datasets and perception
hardware is a critical issue in computer vision, often involving hardwae data caching, decoding, and the creation of
appropriate le directory structures [ 23{25]. These elements ensure that various types of spike data can beqressed
seamlessly through a single interface. Unlike existing frameworks tit primarily focus on image processing and
algorithms [22,26], SpikeCV o ers tools speci cally for spike processing, hardware inerfaces for spike cameras, and
standardized datasets for spike-based vision tasks.

SpikeCV is primarily written in Python, making it accessible to users familiar with numerical analysis toolkits
like NumPy [27], SciPy [28], and PyTorch [29]. C++ is used for real-time interaction with hardware. An intuitive
illustration of the design principles of SpikeCV is shown in Figurel. SpikeCV is a bridge between spike cameras and
users. By providing di erent functional modules and easy-to-usepackaging interfaces, standardized data, real-time
processing pipelines, and modular spike-based tools, it helps to forra spike vision community and promote the
development of continuous vision scene applications. In this paperwe introduce the design principles, working
mechanism, and usage of SpikeCV in detail. In the experiments, we deonstrate the e ciency of SpikeCV by
achieving multiple vision tasks in the same scene oine and in real-time, espectively. Our contributions can be
summarized as follows.

We provide the rst open-source platform for spike cameras, enapsulate datasets, device interface, spike loader,
and spike-based algorithms, to make it easy to build spike vision applidéons.

We standardize the datasets of various vision algorithms and provid a uni ed data interface for di erent visual
tasks, o ine les, and real-time data from spike cameras.

We realize the real-time pipeline for hardware reading of various spikeameras by providing a hardware-friendly

C++ and user-friendly Python interface, which achieves the synchronization between reading and processing of spike
data.
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Figure 2 (Color online) Mechanism of the spike camera.
2 Background

2.1 Spike camera

The sensor of a spike camera is arranged by W pixel units that continuously receive photons and re spikes PJ.
As illustrated in Figure 2, the instant light intensity Lj; (t) at position (i;j ) will be converted to an electrical signal
to increase voltageV;; (t) at time t. The voltage V;; (t) will be reset to 0 when it reaches a threshold , at which
a spike will be red. The process can be formulated as

(
V.. (t)+ Ly (t); if V, (1)<
foy (t) - ij ( ) 1) ( ) ij () (1)
' 0; otherwise.
The back-end synchronous circuit always poll theV (t) with a very small interval (25 s) and generate a binary
spike streamS:

( 1, if9t2 ((k 1);k LV (t)=0;

Sijk = .
0; otherwise

)
wherek = 1;2;::: is the k-th polling. Thus, for T times polling, the output S with a size ofH W T will be
generated.

The industrial production of spike cameras has also been relatively mture, improving their availability greatly.

A company called SpikeSEE, specializing in spike cameras, has beenasished. Their o cial website can be found
at https://vidar.cn/ . The commercialization of spike cameras is well-developed, making the readily available for
purchase. Spike cameras have proven to be highly useful and wide§pplicable in research and industry. Figure3
shows several Spike cameras that SpikeSEE has produced. Acdorg to the spatial resolution, it can be divided
into two types: 100000 pixels and megapixels. The third-generatiomegapixel spike camera, shown at the bottom
right in Figure 3, can already provide spikes for color reconstruction of high-spekescenes. Speci cations for these
cameras can also be found on the company's website. The industrigroduction of spike cameras can promote their
popularization, and supporting software and algorithm developmem tools are also essential.

Why use spike cameras? The spike camera o ers signi cant advantages in terms of high dynamic range and
ultra-high speed due to its unique working principle. In Figure 4, we present a series of high-speed and overexposed
scenes captured using the spike camera. The resulting images werbtained through the reconstruction module of
SpikeCV. A comparative analysis reveals that conventional camerasu er from motion blur and overexposure issues,
whereas the spike camera excels in reducing motion blur and e ectivg reconstructing the texture in overexposed
areas. When dealing with high-speed scenes using traditional cames, it becomes necessary to increase the shutter
speed and widen the aperture to allow su cient light entry. However, in scenes prone to overexposure, this approach
prevents the synthesis of multiple exposures through HDR imaging échnology. This challenge of balancing high
speed and high dynamic range is e ectively addressed by leveragindi¢ unique strengths of the spike camera. The
images displayed in Figure4 were all reconstructed using the spike camera under uniform setigs, providing a clear
and consistent basis for comparison.
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Figure 3 (Color online) Ultra-high-speed spike camera. (a) Chips an d products of a 100000-pixel spike camera; (b) chips and prod ucts of
megapixel spike cameras. After the colon of each camera is it s product type.
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Figure 4 (Color online) The low latency and high dynamic range advant ages of spike cameras. From left to right are high-speed moti on
and high dynamic range scenes recorded with traditional cam eras and spike cameras, respectively. The right side of each picture is its partial

enlargement.

2.2 Spike-based algorithms

The research studies related to spike cameras have made signi caprogress, which can be divided into three
categories: coding and simulation of spikes, high-quality imaging baskon spikes, and vision tasks based on spikes.
These three parts correspond to the bottom-up research of ta spike vision.
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2.2.1 Coding and simulation of spikes

Spike coding is mainly to compress the dense binary spike streams thugh statistical characteristics, which is

similar to the eld of traditional video coding and decoding [30,31]. Spike coding methods include lossy32] and

lossless compressior8B]. The research of spike simulation 14, 15] is mainly to explore and improve the working

mechanism of spike cameras and obtain simulated spike data under mg extreme conditions, which is convenient
for the development of spike vision research. Deep learning has hesuccessfully applied to various vision/natural

language tasks 34{ 36], but its training requires a large amount of training data. Acquiring large-scale datasets for
ultra-high temporal resolution spike arrays is costly, and the spikesimulator can generate large-scale spike data with
ground truths, such as high-frequency images, optical ow, anddepth. Zhao et al. [15] proposed the SpikingSIM

simulator for generating spike data from images based on the sensegrinciple of the spike camera. Hu et al. [14]

proposed SPCS to generate spike data and labels based on graphiogdels B7].

2.2.2 High-quality imaging based on spikes

Spike cameras preserve the high-resolution spatiotemporal infanation of continuous vision, making them ideal for
image reconstruction L0, 11] and high-dynamic-range imaging 19 21]. The current high-quality image reconstruc-
tion algorithms for spike cameras can be divided into statistics-base [9,13], deep learning-based methods1[], and
spiking neural networks (SNNs)-based 38{40] methods [L1,12,41]. The main principle of the statistical method
is that the spike emission frequency is proportional to the light intersity, and the pixel value can be deduced
according to the interval or the frequency of spikes in the sliding wirdow. Deep learning-based reconstruction al-
gorithms include supervised learning networks42] using simulated data [L0,43], and self-supervised reconstruction
algorithms [44] based on blind spot networks 45]. In addition to high-speed and high-dynamic-range imaging, some
recent research 46{ 48] focuses on obtaining super-resolved images from spike data. Xia al. [49] proposed to use
the spike camera to assist video frame interpolation for traditionalcameras.

2.2.3 Vision tasks based on spikes

Besides reconstructing images, there are some vision algorithm mebds using spatiotemporal information directly
from spike data, including networks for optical ow [14,50], depth [16,17], recognition [51], detection and tracking [3,
52,53]. SCFlow [14] is a deep pyramidal network with a motion-adaptive representatio for spike-based optical ow,
trained by graphics-based simulated data. Spike2FlowH0] explores the continuousness of spike data in optical ow.
Chen et al. [p4] proposed a self-supervised method for spike-based optical awVang et al. [16] proposed the rst
stereo depth network for spike data with Transformers based orself and cross-attention. Zhang et al. 17] proposed
to use a 3D Swin Transformer to represent spike stream and a spi-temporal Transformer to estimate monocular
depth. Huang et al. [3] and Zheng et al. [L8] proposed to use SNNs to implement high-speed detection and tramng
through spike cameras. Zhu et al. $3] used FPGA to improve the speed of spike-based detection and tcking. Li
et al. [52] proposed to use both spike camera and event camera to imitate #retina for object detection. Zhang
et al. [55] proposed a temporal-ordered representation for spike streas) improving the performance of spike-based
image reconstruction and segmentation.

3 Design principles
3.1 Usability

3.1.1 Encapsulation for spikes

The spike camera has released its second generation, and there vk new ones with extra characteristics whose
spatial resolution, sampling rate, and data channels may be variousBesides, implementations and representations
of spikes vary across dierent algorithms and di erent visual tasks. Therefore, with the development of spike
cameras, the community requires a uni ed interface to representa new modality. In SpikeCV, we design the new
class SpikeStream to encapsulate the spike data.

There are three attributes of SpikeStream in default settings: the spike data variable SpikeMatrix, the spatial
resolution width, and height. As shown in Figure 5, we o er two modes to initialize an instance of SpikeStream.
The o ine mode is used for loading spikes les. Users only need to delivea parameter dictionary, including the le
path and the resolution information. The function “get_spike_matrix' and “get_block_spikes' o er exibility to load
a full-length stream or a part of it. The online mode o ers an interface to obtain real-time spikes from the spike
camera. The function “getdevice matrix' gets the handle of the device to control the process of rading data, and
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class SpikeStream:
def _init__ (self, offline =True, «~kwargs):

self . SpikeMatrix = None

self. offline = offline

# assign parameters according to the type of input stream

if self. offline :
# read offline data from file
self .filename, self.height, self.width = ParseKwargsy(...)

else:
# parameters of online spike stream from spike camera
self .decode_width, self.height, self.width = ParseKwargs(...)

def get_device_matrix(self, _input, _framepool, block_len=500):
.. # get spike matrix from device (spike camera)

def get_spikes(self, _input, _framepool):
.. # reading Thread for online spike streams

def get_spike_matrix(self, flipud=True):
.. # get spike matrix from offline file

def get_block_spikes(self, begin.idx, block_len=1, flipud=True):
.. # get block spikes with begin index from file

.. # Other Interfaces for Developers

Figure 5 (Color online) De nition of the class SpikeStream.

an instance of the caching frame pool. In this function, we apply a sgarate thread to parse spike streams into an
array-like representation from the pool. The initialization step mainly uni es the online and o ine modes of the
loading process.

With the SpikeStream, fresh users do not need to bother implemenihg a new data-loading interface starting from
scratch. Moreover, SpikeStream is compatible with the whole workow in the SpikeCV, especially with the existing
spike datasets, which brings convenience for developers to build drtrain a model fast. Expandability is a necessity
to encapsulate the spike data. For experienced users or the ddeper team, the object-oriented design bene ts them
by designing customized derived classes of the SpikeStream, addingw attributes, functions, or representations of
spikes. In this way, users can encapsulate spikes freely and exiblfor more complex demands in projects.

3.1.2 Standardization for dataset interfaces

We designed standard dataset interfaces in SpikeCV for various visn tasks for spike cameras. To support diverse
tasks, we survey and collect the currently released dataset forpke cameras, whose detail is shown in Subsectich3.
The standard interfaces are compatible with various kinds of groun truths, including those for reconstruction,
optical ow, monocular depth, stereo, detection, tracking, and recognition. Besides, the dataset interfaces in
SpikeCV use standard parameter passing modes and support di ent le structures. Users can easily de ne dataset
interfaces for their tasks based on the label interfaces, standd parameter passing, and standard SpikeStream class
for reading spikes.

3.1.3 Modularization for vision tasks

The comprehensive modularization of SpikeCV enables di erent visiortasks, such as image reconstruction, optical
ow, object detection, and depth estimation, to be easily implemented and integrated into the framework. This
modular design allows developers to easily expand and customize theamework to t their needs. To be specic,
we have designed a series of utensils for di erent vision tasks, suchs spike pre-processing, data augmentation,
data loader, visualization, and metric, which can be easily accessednd utilized by developers to improve the
accuracy and assess the e ciency of di erent vision tasks. Additionally, the model les are separated from the
main code, providing an extra level of modularization and encapsulabn. SpikeCV provides a comprehensive and
highly modularized solution for tackling a wide range of visual tasks, naking it easy for developers to customize
and improve algorithms.

3.2 Real-time

Real-time is an important principle of SpikeCV to take advantage of the low latency of the spike streams. In order
to achieve the online application, we carry out real-time processingrbm two aspects of data and reasoning. The
detail of the real-time pipeline will be described in Subsectiord.1.
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Figure 6 (Color online) lllustration of the structure of the SpikeCV

3.2.1 Real-time data

To obtain real-time spike stream data from the spike camera, we deégn a multi-level thread for reading ultra-high
temporal resolution spikes. Through the synchronous transmissn of data streams between multiple C++ thread
pools, spike data can be supplied to applications in real time without beg blocked and lost.

3.2.2 Real-time inference

Coupled with real-time data loading, we aim to achieve real-time inferewe and prediction. The encapsulated
SpikeStream instance can be produced from the pieces of real-tingata from the spike camera, and supplied to
multiple parallel threads of di erent models. Each algorithm thread r ealizes the real-time operation of the spike
vision application by simultaneously processing the latest data.

3.3 Spike ecosystem

We aim to build up a comprehensive community ecology for the spike visio to facilitate the progress of scienti ¢
research as well as enterprise projects. For the community of inge-based vision, many well-developed open-
source libraries, like OpenCV P2], benet developers with various tools for image processing. As a nel type
of vision sensor, spike cameras require an open platform to releaswailable resources, which bene ts researchers
in getting familiar with spike vision and getting involved in practice quickly . Di erent from the design principles
of existing image-based open-source libraries, SpikeCV not only prides spike processing tools and spike-based
visual algorithms but also provides spike camera hardware interfags and normalized spike datasets. In this highly
integrated and modularized platform, beginners can thoroughly lean what spike data is and how to use spike
cameras to tackle visual tasks. It helps draw more attention to eablish the community and facilitate the ecology
of spike vision.

4 Details of SpikeCV

4.1 Architecture

As illustrated in Figure 6, SpikeCV consists of three parts: spike datasets, module librarie@nd device interfaces.
Dataset. Normalized datasets that can be used to validate or train intelligent models. The dataset les include
the real scene generated by the spike camera or the spike simulat@and the corresponding label information such
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Figure 7 (Color online) lllustration of the real-time pipeline of Sp ikeCV. The pipeline includes the strategy of parsing spike d ata with
multi-level threading management and real-time processin g for multiple tasks.

as video, optical ow, depth, and object category. We also provige supplementary con guration les for recording
properties of spike data and label les.

Modules library. The module library includes three categories: data processing, visiomodel/algorithm,
and tools. The data processing module SpkData includes the spike rtam class, the spike simulator, the label
loader, and the dataset interface for the training model. The algoithm library SpkProc contains various vision
algorithms for spike cameras, and the Tool is a supporting developent tool library responsible for visualization,
metrics, and development utensils.

Device interface. The device interface is to facilitate the user to apply the spike-base algorithm to the real-
time processing hardware. Currently, SpikeCV has integrated thespike camera. Users can use our spike camera
interface to customize the scene to collect datasets or evaluatée real-time performance of the algorithm.

Datasets and device interfaces are the two sources of data in S@CV for obtaining spike streams. These two
sources of data have dierent purposes. The dataset mainly prowes spike streams and corresponding labeled
data that can be used for various visual tasks, which is convenientor evaluating the performance of spike-based
algorithms or training machine learning models for di erent tasks. In addition to spike les, the dataset we provided
also contains con guration les representing their spatial resolution, and label data properties. For data that has
not been labeled, we use ‘raw' to indicate its label type. In addition tothe datasets we provide, users can also use
spike cameras through hardware interfaces to obtain real-time Sges to evaluate the performance of their models in
various scenarios or build their datasets by customizing scenarioscaording to task requirements. Except for using
the device interface to obtain real-world spike streams, users caalso use the spike simulator in SpikeCV to convert
high frame rate video or picture sequences into corresponding spék, and quickly obtain labeled spike datasets.

Real-time pipeline.  We aim to synchronize the acquisition of data and the process of algighms in a real-time
scheme in the SpikeCV. As illustrated in Figure 7, we design a pipeline that can parse user-friendly spike frames
from raw outputs of the hardware and process multiple visual task in real time. The pipeline mainly consists of
two parts: multi-level threads for reading real-time spikes and onlire visual applications.

The rst part is mainly implemented in the SpikeLinkinput Library of Sp ikeCV with C++. Developers can also
modify the C++ code to meet di erent requirements. In this part, t hree threads are responsible for collecting
spikes at di erent stages. Thread 1 takes the raw stream of spike and packs them into blocks that are arranged
into a queue LibBlockQueue. The blocks contain spikes and other infanation like frame headers. Thread 2 parses
the spike blocks and assembles spikes into streams of bytes arratyin the spatial and temporal order. When the
user enters a command to get camera data, these byte streamseacontinuously fetched and put into the queue
Lib-FramePool. Thread 3 takes charge of handling spike frames beteen the C++ library and the user's APP in
the Python program. In this thread, the byte streams are conveted to pieces of user-friendly frames with the size
ofH W Tceum, WhereH W is the spatial resolution of the camera sensor and¢ysym iS a customized length
of spike frames in one piece. The APP also maintains a queue App-Fragiool, and Thread 3 always delivers the
data address from Lib-FramePool to App-FramePool. After occwpying the data, App-FramePool will release the
address back to Lib-FramePool.

The second part is the mechanism of simultaneously processing multig tasks cooperated with the App-FramePool
in real-time. Figure 7 shows an example of three tasks processed by three independehteads, and the pink boxes
denote the single-inference time cost. The main program always tas out frames from the App-FramePool. One
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Table 1 Spike-based algorithm package in SpikeCV.

Function Package name Input Output
Filters spkProc. Iters Filtered spikes
Reconstruction spkProc.reconstruction Images/videos matrix
Optical ow estimation spkProc.optical _ow Optical ow
Depth estimation spkProc.depth  _estimation ) Stereo/monocular depth
SpikeStream
Object detection spkProc.detection bbox and type
Multi-object tracking spkProc.tracking bbox and trajectory
Object recognition spkProc.recognition Object label
Data augmentation spkProc.augment Augmented spikes

from spkProc.tracking.spike_sort import SpikeSORT
from visualization .get_video import obtain_detection_video, vis_trajectory

# MOT model construction

spike_tracker = SpikeSORT (spike-h, spike_w, device)
spike_tracker . calibrate_motion (spikes, calibration_time )
spike_tracker . get_results (spikes, tracking-file )
spike_tracker . save_trajectory ( trajectories_filename )

#visualization
vis_trajectory ( tracking-file , trajectories_filename , «+para_dict)
obtain_mot_video(spikes, video_filename, tracking_file , =+para_dict)

# measure performance
metrics = TrackingMetrics( tracking_file , =+paraDict)
metrics. get_results ()

Figure 8 (Color online) Example of building a multi-object tracking model using SpikeCV.

frame will be processed when three threads are all in idle states, bérwise, its pointer will be released right back.
In this way, algorithms for di erent tasks always process the sameframe, and the App-FramePool would not be
blocked.

Spike loader. Data loading and processing are the keys to building models. As desbed in Subsection3.1.1,
we design SpikeStream as a data type for spikes to be compatible witti erent vision tasks and di erent data
sources. Users can construct continuous spike stream data thugh SpikeStream, or convert it into a NumPy array,
or a tensor to perform matrix-based programming, and convenietly use the library algorithms supported by these
data types.

For data generated by the spike camera, SpikeStream will use a dexhted read thread to obtain the high-
speed spike stream generated by the spike camera running in reainte. These spike streams will be bu ered
into a memory pool by the input callback function of the hardware interface. The reading thread in SpikeStream
reads from the memory pool at high speed, forms a temporally comuous spike matrix, and returns it for online
processing. SpikeStream mainly represents the data type of thepgke stream. To distinguish and unify the datasets
corresponding to di erent vision tasks, we provide a data dictionary method “data parameter_dict' that speci cally
represents the attributes of the dataset. Users only need to sgify the task type and the name of the dataset to
use the obtained data dictionary to build the SpikeStream class or bild a data loader for training machine learning
models.

Model construction. We provide various spike-based visual algorithms in SpikeCV, and use can choose
di erent modules or combine them to construct the model accordirg to task requirements. Table 1 introduces the
Python package names, input, and output of the algorithm modules These algorithms include adjusted traditional
vision methods based on spikes (e.g., SVMbp]), SNNs [3,11], and deep-learning models17, 44, 50].

Reusability and deployability of models are important properties of the modules for SpikeCV. When creating a
model, users can train the model according to task goals or directlyapply our vision algorithm. Taking the multi-
object tracking task as an example, the currently integrated SNNbased algorithm [] is an online model, which does
not require a large amount of data for model training. As shown in Figire 8, developers can build the model with
a few lines of code and directly apply the algorithm to track objects. With the obtained results, users can use the
Visualization package in SpikeCV to display the candidate boxes for d&ction and the trajectory of each object. If
there is ground truth data for the corresponding task, the Metrics module can be applied to quantitatively measure
the performance of the models.
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WorkFlow 1: Visual Application
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Figure 9 (Color online) lllustration of the work ow of SpikeCV.

4.2 Work ow

The work ow of SpikeCV meets the common needs of visual tasks ahvisualization. Figure 9 shows the work ow
of SpikeCV, which contains two parts of the visual application and algrithm development. A typical SpikeCV
work ow for developers is to conduct visual applications that involve data loading, processing, and visualization.
Developers can utilize the data loading interface to load o ine sequertes of spike stream to the memory or collect
real-time stream from a real-time spike camera. The real-time strem can be either processed in memory or saved
to the le system for o ine evaluation. The processing part manipula tes the memory data and is responsible for
high-quality reconstruction as well as performing various visual taks. Developers can run vision tasks, including
optical ow estimation, depth estimation, object tracking, object detection, and object recognition. After processing
the spike stream, developers can visualize the task output throulg the provided visualization module. These tools
can generate continuous images and show the visualized results of efent tasks, such as a series of optical ows
and depth maps.

To support developers in designing more e ective spike processindgorithms, we provide a comprehensive suite
of tools to streamline the development work ow. A high-quality data set is crucial for algorithm development, and
we o er three methods for obtaining datasets: using pre-de nedo ine datasets, simulating spike streams from
images or videos via simulators, or collecting real-world data by captting real-time streams. Once the dataset is
prepared and labeled, developers can leverage encapsulated ds¢a modules to load custom datasets and e ciently
begin model tuning and evaluation. To enhance model generalizatioand robustness, common data augmentation
techniques such as rotation, ipping, and resizing can be applied. Fo model evaluation, developers can utilize
pre-de ned metrics and loss functions to validate their models agaist ground truth data.

4.3 Datasets

SpikeCV o ers detailed descriptions and interfaces for most of thecurrently released datasets for spike cameras.
The details of the datasets are shown in Table2. According to the ways to obtain the data, these datasets can
be divided into real-world and synthetic data. Some of the real-worlddatasets have no labels and are mainly for
subjective quality assessment for various tasks. The synthetic atasets are generated with di erent kinds of spike
simulators. All of the synthetic datasets have image ground truths, and some of the synthetic datasets have ground
truths of optical ow and depth maps. SpikeCV o ers dataset inte rfaces that are easy to use, and an example of
de ning a dataset interface is shown in Procedurel.

5 Veri cation applications

In this section, we use the datasets, hardware interfaces, and odule libraries in SpikeCV to implement o ine
inference tests and real-time applications for various vision tasksyespectively. All experiments are performed
employing the SpikeCV module. Many sample codes are also provided inptkeCV to help novices quickly get
started with spike vision applications.
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Procedure 1  Using dataset interface in SpikeCV.

1: /* De nition of the dataset: */

: Initialize the parameters of the dataset;

: Construct the path _list of the dataset;

. Get samples based on the parameters and paths:

A WN

5:  (a) Construct data_parameter _dict ;
6:  (b) Construct SpikeStream object and other data;
7:  (c) Return the gotten data;
8: /* Using of the dataset: */
9: De ne parameters in  data _parameter _dict ;
10: Create an object of the dataset class based on the de ned p arameters;
11: Construct the loader using  DatalLoader in Pytorch .
Table 2 Open-source datasets about spike cameras.
Dataset Label Description Resolution
recVidarReal2019 [ 41] { Scenes with high-speed objects or spike camera 250 400
- momVidarReal2021 { Various objects with di erent kinds of m otion patterns 250 400
% PKU-Retina-Recon [ 13] { Spike and event data from the same scenes 250 400
§ motVidarReal2020 [ 18] Tracking Multi-object detection dataset for spike data 25 0 400
fé PKU-Vidar-DVS [ 52] Detection Detection dataset for joint imaging with spike a nd event 250 400
& PKU-Spike-Stereo [ 16] Depth Stereo depth dataset for spike data 250 400
Outdoor-Spike [ 17] { Spike data from autonomous driving scenes 250 400
Spike-REDS [ 10] Image Synthesized from REDS dataset [  57] for reconstruction 720 1280
Spike-Vimeo [ 46] Image Synthesized from Vimeo-90k dataset [ 58] for super-resolution 256 448
L SPIFT [ 14] Image, ow Simulated dataset with stochastic scenes for op tical ow 500 800
% PHM [ 14] Image, ow Simulated dataset with designed scenes for opti cal ow 500 800
@ RSSF [50] Image, ow Synthesized data for optical ow in real scenes 0:6{1 :3MP
Spike-KITTI [ 16] Image, Depth Synthesized data from KITTI [ 59] for stereo depth 370 1240
DENSE-Spike [ 17] Image, Depth Synthesized data from DENSE dataset [ 60] for monocular depth 346 260
Reconstruction Optical Flow
Spike Streams Results Scenes ~;\‘<\2"' Spike Streams Results Scenes
S
E A i -
N 7 o
Multi-object Tracking
Spike Streams Results Scenes Spike Streams Results Scenes
S SO F
-»
] =
Figure 10 (Color online) Examples of vision tasks implemented based o n the oine dataset PKU-Vidar-DVS in SpikeCV. Their input is the
spike stream obtained by the data interface of SpikeCV. The s cene in the last column of each panel is reconstructed with th e TFP algorithm [ 13],

which has been brightened for visualization.

5.1 O ine evaluation

To evaluate the reusability of each algorithm across similar scenes, avconducted o ine testing using the PKU-
Vidar-DVS dataset from SpikeCV. This dataset encompasses a wideange of indoor and outdoor scenes with diverse
motion types, providing a rich basis for comprehensive evaluation. W test the e ects of image reconstruction,
optical ow estimation [ 50], monocular depth estimation [L7], and a multi-object tracking algorithm [ 3] modules
on this dataset. Since the PKU-Vidar-DVS dataset b2] only provides label data applicable to object detection,
we subjectively evaluate the results of these four tasks by visualing the results. The visualization results of the
experiments are shown in FigurelO. It can be seen that the reproduction e ects of these models in SgeCV
are promising. The left two rows of Figure 10 depict an outdoor autonomous driving scenario. In this scene,
the SSML [44] reconstruction algorithm reduces noise while preserving sharp egs and contours, and the depth
estimation module generates detailed depth maps with well-de ned cotours. The right two rows of Figure 10 show
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Figure 11 (Color online) Real-time application scenarios of SpikeCV in rock-paper-scissors tasks.

indoor scenes of multiple waving bottles and fast-rotating objects The results demonstrate that, even with sparse
spike streams, the algorithm module robustly estimates the opticalow and trajectory of moving objects.

5.2 Real-time applications

In the game of rock-paper-scissors, only fast no broken. The gae would be easy if you saw the opponent's gesture
within a very small time interval. In the real-time application, we take a dvantage of the spike camera to collect
continuous visual information and simultaneously apply the reconstuction, optical ow estimation, and recognition
algorithms in SpikeCV to process the real-time spike streams geneted by the camera, followed by using the
visualization module to display the results interactively. Figure 11 shows the running scenarios and results of the
real-time application. As shown in the results, even with rapid changs in gestures (from paper to rock), the model
constructed by SpikeCV can give high-quality results in time.

6 Conclusion and future work

In this paper, we introduce SpikeCV, an open-source platform forultra-fast spike cameras, from aspects of design
principles, work ow, and usage methods of each module in detail. At pesent, SpikeCV includes a rich set of
normalized spike datasets, easy-to-use hardware interfacesna a large library of spike-based algorithm modules.
In the experiments, we demonstrate using SpikeCV to use o ine da@sets and online cameras as data sources and
use each module in the algorithm library to achieve image reconstru@bn, optical ow estimation, depth estimation,
detection, tracking, and recognition. Experimental results showthe e ectiveness and usability of SpikeCV.

SpikeCV also supports the joint use of spike and event-based camas, taking advantage of their complementary
strengths in applications such as HDR reconstruction and high-sped object detection. To facilitate this, we pro-
vide dual-modality datasets like the PKU-Vidar-DVS dataset for pair ed spike-event object detection $2] and the
hybrid dataset for HDR imaging [19, 20], o ering a robust foundation for neuromorphic vision research in dynamic
environments.

In the future, we will be committed to building a spike vision ecosystem We will provide large-scale spike
datasets that can be applied to various algorithms, and continue tosupplement and improve spike-based algorithms
and processing tools. For the hardware interfaces, we plan to adohore interfaces of cameras to facilitate the fusion
of other data with the spike camera. To take advantage of the spik camera as a neuromorphic sensor, we will
provide the interface of the neuromorphic computing chip p1{64], to take advantage of low power consumption
and ultra-high speed of brain-like vision algorithm [39,65{67], and apply the spike vision to various ultra-fast scene
applications, such as UAV B8] and automatic driving [69].
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