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Abstract

As an emerging neuromorphic camera with an asynchronous
working mechanism, spike camera shows good potential for
high-speed vision tasks. Each pixel in spike camera accumu-
lates photons persistently and fires a spike whenever the ac-
cumulation exceeds a threshold. Such high-frequency fine-
granularity photon recording facilitates the analysis and re-
covery of dynamic scenes with high-speed motion. This pa-
per considers the optical flow estimation problem for spike
cameras. Due to the Poisson nature of incoming photons, the
occurrence of spikes is random and fluctuating, making con-
ventional image matching inefficient. We propose a Hierar-
chical Spatial-Temporal (HiST) fusion module for spike rep-
resentation to pursue reliable feature matching and develop
a robust optical flow network, dubbed as HiST-SFlow. The
HiST extracts features at multiple moments and hierarchi-
cally fuses the spatial-temporal information. We also propose
an intra-moment filtering module to further extract the fea-
ture and suppress the influence of randomness in spikes. A
scene loss is proposed to ensure that this hierarchical rep-
resentation recovers the essential visual information in the
scene. Experimental results demonstrate that the proposed
method achieves state-of-the-art performance compared with
the existing methods. The source codes are available at https:
//github.com/ruizhao26/HiST-SFlow.

Introduction
With the development of computer vision, high-speed vision
applications attract increasing attention in areas such as au-
tonomous driving and unmanned aerial vehicle. Neuromor-
phic cameras (NeuCams) are a kind of emerging camera that
can handle vision tasks in high-speed scenarios. NeuCams
can be roughly divided into event cameras (Lichtsteiner,
Posch, and Delbruck 2008; Moeys et al. 2017; Huang, Guo,
and Chen 2017) and spike cameras (Dong, Huang, and Tian
2017; Huang et al. 2022a). Both two kinds of cameras work
asynchronously at pixel level and enjoy the advantages of
high speed and low latency.

Event cameras are inspired by the retinal periphery and
are equipped with a differential sampling model. They de-
tect light intensity change at each pixel in the logarithmic
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Figure 1: Illustration of spike-based optical flow. The scene
content is capturing a high-speed train moving to the right
on another train in the opposite direction. On the top-left is a
binary spike stream in a spatial-temporal coordinate. On the
top-right are spike sub-streams in the spatial plane, where
a black point means a spike. The input of the spike-based
optical flow is two sub-streams around the source and target
time, respectively. As shown at the bottom, our method can
better preserve the edges of the motion. All the methods use
spikes as inputs and are trained in the same setting.

domain, and an event will be fired whenever the change ex-
ceeds the threshold. Different from event cameras, spike
cameras are inspired by the retinal fovea and work with
an integral sampling model. Each pixel of the spike camera
continuously accumulates photons, and a spike will be fired
whenever the accumulation exceeds the threshold. Com-
pared with event cameras, spike cameras can better recover
the scene, especially for regions with fewer textures and mo-
tion. Many pixel-level tasks are researched for spike cam-
eras, such as reconstruction (Zhao et al. 2021b; Zheng et al.
2021; Zhao et al. 2021c), optical flow (Hu et al. 2022) and
depth estimation (Wang et al. 2022; Zhang et al. 2022).

Optical flow is the pixel-level correspondences among
frames (Horn and Schunck 1981), which has been a critical
task in the computer vision area. Hu et al. (Hu et al. 2022)
propose the first deep learning approach for optical flow es-
timation for spike cameras, i.e., spike-based optical flow.
They propose a lightweight pyramidal network SCFlow with
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binary spikes as the input. The differences in the data format
introduce challenges to spike-based optical flow. There are
multiple kinds of noises in the imaging of the spike camera.
First, the arrival of the photons follows the Poisson process.
Then, the circuits have thermal noise. Finally, the spike read-
out is synchronous with quantization noise. Thus, obtaining
brightness with high reliability from spikes is difficult.

The factors mentioned above introduce fluctuations in the
spike streams. The length of the spike accumulation period
may be different even if the light intensity is the same. The
randomness of the spike streams causes ambiguities in the
correlation between features of different moments, making
the feature matching inaccurate. The previous spike-based
optical flow methods often have difficulty preserving the
edges of the objects and the spatial consistency of the mo-
tion, especially in real-captured data.

In this paper, we propose a Hierarchical Spatial-Temporal
(HiST) fusion module for spike representation in the spike-
based optical flow network HiST-SFlow. The motivation of
HiST is to suppress the fluctuations in order to extract stable
features from the binary spike streams. In spike-based vision
tasks, we usually use a series of spike frames in a period to
represent the brightness information of the scene. Previous
works fuse all the temporal information with a single opera-
tion before embedding them into high-dimensional features.
Unlike previous works, we first fuse local temporal infor-
mation for multiple moments and then extend the scope of
the fusion. This hierarchical fusion module can adaptively
use the correlated information for spike representation. The
contributions of this paper can be summarized as follows.
(1) A HiST-SFlow is proposed for spike-based optical flow.
In HiST-SFlow, the spikes are represented by the HiST mod-
ule and extracted to features for correlation. The optical flow
is estimated by a recurrent optimizer.
(2) An inter-moment hierarchical fusion (InterF) module and
an intra-moment filtering (IntraF) module are proposed to
suppress the randomness in the spikes. A scene loss is pro-
posed to constrain high-fidelity representation to contain the
brightness information of the scene.
(3) Experimental results demonstrate that our method
gets the state-of-the-art performance on both the PHM
dataset (Hu et al. 2022) and real-captured data.

Related Work
Optical Flow Estimation. FlowNet (Dosovitskiy et al.
2015) is the first end-to-end deep neural network for optical
flow estimation. Subsequent works introduce the knowledge
of traditional methods to the network (Ranjan and Black
2017; Sun et al. 2018; Hui, Tang, and Loy 2018; Hur and
Roth 2019; Hui, Tang, and Loy 2020), such as pyramid and
warping. RAFT (Teed and Deng 2020) combines the advan-
tages of the above methods, which constructs an all-pairs
correlation and recurrently optimizes the optical flow.

Many works are proposed based on RAFT. GMA (Jiang
et al. 2021a), Separable Flow (Zhang et al. 2021), and KPA-
Flow (Luo et al. 2022) focus on the matching of the features
to improve accuracy. SCV (Jiang et al. 2021b), Flow1D (Xu
et al. 2021b), and DIP (Zheng et al. 2022) reduce the com-
putational complexity with sparse cost volume, orthogonal

attention, and inverse patch match, respectively. Recently,
transformers are used in optical flow networks (Xu et al.
2022; Huang et al. 2022b; Zhao et al. 2022; Sui et al. 2022).
Spike Camera. Many works around spike cameras are
sprung up recently. Image reconstruction is a popular topic
among these works. Zhu et al. (Zhu et al. 2019) reconstruct
images with the count of spikes and spike intervals, respec-
tively. Subsequent methods reconstruct images from spikes
with filtering (Zhao, Xiong, and Huang 2020; Dong et al.
2022), neuron models (Zhu et al. 2020, 2022a; Zheng et al.
2021), optimization (Zhao et al. 2021c), and deep neural net-
works (Zhao et al. 2021b; Zhu et al. 2021). MGSR (Zhao
et al. 2021a), SpikeSRNet (Zhao et al. 2023), and Xiang et
al. (Xiang et al. 2021) estimate super-resolved images from
spikes based on the fusion of multi frames. Han et al. (Han
et al. 2020) and Zhou et al. (Zhou et al. 2020) use spike cam-
eras to realize high dynamic range imaging. Xia et al. (Xia
et al. 2023) use spikes to assist video frame interpolation.

Besides getting images, various tasks have been devel-
oped. Zhu et al. (Zhu et al. 2022b) and Li et al. (Li et al.
2022) propose object detection methods based on spike
streams. SCFlow (Hu et al. 2022) estimates optical flow di-
rectly from the binary spike streams based on a pyramidal
network. SSDEFormer (Wang et al. 2022) and Spike Trans-
former (Zhang et al. 2022) estimate binocular and monocu-
lar depth for spike cameras with transformers, respectively.

Preliminary of the Spike Camera
The spike camera mimics the retinal fovea in an integrate-
and-fire (IF) manner. As shown in Fig. 2. Each pixel of the
spike camera has three key components: photon-receptor, in-
tegrator, and comparator. The photon-receptor receives pho-
tons from the scene and converts them to photoelectrons.
The integrator accumulates the photoelectrons, and a spike
will be fired whenever the accumulation exceeds the thresh-
old. At the same time, the accumulation in the integrator will
be reset. It is noticeable that each pixel implements the IF cy-
cle independently, i.e., each pixel of the spike camera works
asynchronously. The spikes’ reading is synchronous with an
ultra-high speed of up to 40kHz. Thus, the spike camera gen-
erates an H×W binary spike frame at each reading moment,
where the spike density corresponds to the light intensity.

tatb tc tdtatb tc td
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Figure 2: The “integrate-and-fire” working mechanism of a
single pixel in the spike camera.
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Figure 3: The overall architecture of the HiST-SFlow. Two spike sub-streams represent the scene’s brightness at the source and
target time, respectively. The hierarchical spatial-temporal (HiST) fusion is used for the two spike sub-streams as representation
before being extracted to matching features and context feature. The two matching features construct all-pairs cost volume. The
recurrent optimizer estimates the flow based on the context feature and cost volume.

If we denote the incoming light at pixel (x, y) and time t
for the spike camera is I = I(x, y, t), the accumulation in
the integrator A = A(x, y, t) can be formulated as:

A(x, y, t) =

∫ t

0

I(x, y, t) dt mod θ, (1)

where θ is the firing threshold adapted to make no more than
one spike fired in each reading interval.

Approaches
Overall Architecture
Problem definition. Suppose the spike stream output by the
spike camera is S(x, t) ∈ BH×W×T , where x = (x, y) and
B is the binary domain. The spike-based optical flow estima-
tion is to predict the pixel level correspondence w(x; ti, tj)
of the scene captured between moment ti and tj based on S.
The correspondence can be formulated as:

I(S) (x, ti)← I(S) (x+w(x; ti, tj), tj) , (2)

where I(S) is the scene behind the spike stream S, and ←
means pixel-level registration.
Network architecture. As shown in Fig. 3, to estimate the
flow field from source time ti to the target time tj , we clip
two spike sub-streams Hi and Hj for representing the scene
at time ti and tj , respectively. The Ht is a set of continu-
ous spike frames with t as the central time, which can be
formulated as follows:

Ht =
{
S(t+ to) | to ∈ [−T half

s , T half
s ], to ∈ Z

}
, (3)

where we omit the spatial coordinate x. Z means the integer
domain. T half

s is the half length of the spike sub-strteam.
The network first embeds the sub-stream Hi and Hj into

representations Ri and Rj with our proposed HiST fu-
sion module. The following network has a similar archi-
tecture with RAFT (Teed and Deng 2020). First, matching
features Fi and Fj are extracted from the spike represen-
tations through a feature encoder. The context feature FC

i

is extracted from the source representation Ri. We con-
struct the 4D all-pairs correlation volume in a similar way
to CRAFT (Sui et al. 2022). The target feature Fj is first
filtered using a semantic smoothing transformer. The all-
pairs correlation is based on multiple query and key projec-
tions (Li et al. 2021) with K modes. The multi-projected cor-
relations are aggregated using a softmax along the K modes.
The recurrent optimizer estimates the residual of the flow
based on local cost volume that is looked up according to
the current estimated flow.

Hierarchical Spatial-Temporal Fusion Module
As shown in Fig. 4, the structure of the HiST module can
be divided into three parts: inter-moment hierarchical fusion
(InterF), intra-moment filtering (IntraF), and global tempo-
ral aggregation (GTA). In the imaging procedure of spike
cameras, multiple kinds of noises are introduced. The pho-
tons’ arrival follows a Poisson process, introducing Pois-
son noises. The dark currents in circuits introduce thermal
noises, and the reading mechanism of the spikes introduces
quantitative noises.

Due to the noises, the binary spikes have fluctuations and
randomness. Extracting effective features from binary spikes
is a new challenge. For effective pixel-level dense matching
based on binary spikes, we propose an InterF module to con-
centrate the spatial-temporal information in spike streams
in a spatial-temporal hierarchical way. In the concentration
procedure, we design an IntraF module to reduce the ran-
domness of features at each moment. The InterF and IntraF
are implemented alternatively. We also propose a scene loss
to constrain the representation with the scene brightness.

Inter-Moment Hierarchical Fusion As shown in the top
of Fig. 4, different from previous works that fuse temporal
information of spikes in a single operation (Hu et al. 2022;
Wang et al. 2022), we retain the time information in the fea-
ture extraction procedure. The hierarchical fusion strategy
is inspired by video restoration tasks (Maggioni et al. 2021;
Isobe et al. 2020; Xu et al. 2021a; Chan et al. 2022; Liu et al.
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Figure 4: Illustration of the hierarchical spatial-temporal (HiST) fusion for spike representation. A spike sub-stream is extracted
as time-series features through passing the inter-moment hierarchical fusion (InterF) and intra-moment filtering (IntraF) module
alternatively. The features from all the levels of the IntraF module are aggregated temporally to represent the central time of the
input spike sub-stream. The aggregated features are fused to be the final spike representation.

2022) that process a video frame with adjacent frames as ref-
erences. In the InterF, we construct a pyramid of time-series
features using 3D convolutional layers with activation. If we
denote the time-series feature output by InterF and IntraF at
level m are Jm(x, t) and Km(x, t), respectively. The InterF
can be formulated as follows:

Jm(x, t) = Jm

[ {
Km−1(x, τ)

∣∣ τ ∈ Tm−1

} ]
, (4)

Tm−1 =
{
Tc − T half

m−1, . . . , Tc, . . . Tc + T half
m−1

}
, (5)

where Jm is the m-th level InterF’s operation. It’s a 3D
convolution with activation whose kernel size and stride are
(ktm, khm, kwm) and (stm, shm, swm), respectively. Tm−1 is the
temporal domain of definition of Jm−1 and Km−1. Tc is
the central time of spike sub-stream and time-series features.
T half
m−1 is the half window length of Jm−1 and Km−1. We

don’t pad in the temporal axis since it does not make sense.
We use the raw spike sub-stream as the input of the InterF

at the first level, i.e., K0(x, t) = Hτ (x, t)
∣∣
τ=Tc

and T half
0 =

T half
s . In the pyramid, the spatial and temporal information

is concentrated through the hierarchical fusion scheme.
In InterF, we simultaneously extract features at different

moments t ∈ Tm around the central moment Tc. In both
spatial and temporal domains, the information in spikes is
fused in multiple steps. The fusion procedure in each hier-
archy aims to extract the spatial-temporal information struc-
ture in a small local neighborhood. With the increasing of
hierarchy level, the spatial-temporal information is concen-
trated. After each hierarchy of fusion, the number of features
can be reduced in both spatial and temporal domains

Intra-Moment Filtering We aim to reduce the influence
of spikes’ fluctuations through pixels with similar distri-
butions. However, due to motion and occlusions, features
in other moments cannot always offer effective references
through InterF. Thus, we propose IntraF to model the spatial
similarity of itself for features at each moment.

In the m-th level time-series features Jm, the feature
Jm(ti) corresponds to the scene at moment ti. For Jm(t)
at each moment, we propose to filter them using themselves
with weight-shared layers, which can be formulated as:

Km(x, t) = Km [Jm(x, t)] , t ∈ Tm, (6)

where Km and Km are the output and the operation of the
IntraF module at m-th level, respectively. TheKm is a resid-
ual block for filtering features at each moment. Note that the
Km(x, ti) is filtered from Jm(x, ti) rather than the whole
{Jm(x, t) | t ∈ Tm}.

The interF and intraF are alternatively implemented to
enhance the time-series features in each hierarchy of the
HiST. The collaboration of the InterF and IntraF modules
enables us to use the context in diverse scales of scopes
for better restoring the scene’s brightness. This strategy has
been proven to be efficient in video processing tasks such as
restoration tasks (Maggioni et al. 2021; Isobe et al. 2020; Xu
et al. 2021a; Chan et al. 2022; Liu et al. 2022) and compres-
sion (Sullivan et al. 2012; Lainema et al. 2012).

Global Temporal Aggregation In our network, the goal
for representation is to describe the scenes’ brightness at the
source and target time. In the modules mentioned above,
we obtain features at moments t ∈ Tm at different lev-
els. To represent the scene at central time Tc of the input
spike sub-stream, we aggregate the information of features
{Km(t)} | t ∈ Tm;m ∈ {1, 2, 3}}. In each level m, We
concatenate {Km(t) | t ∈ Tm} at all the moments in a
channel-wise manner and fuse them:

Am(x) = Am [Cat {Km(x, τ) | τ ∈ Tm}] , (7)

where Am and Am are the output and operation of the tem-
poral aggregation operation. Am means convolutional layers
and Cat means the channel-wise concatenation along dif-
ferent moments. As shown in the bottom of Fig. 4, Am is
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Architecture Ball Cook Dice Doll Fan Hand Jump Poker Top Average
∆
t
=

1
0

SCFlow 0.51 / 20.3 1.34 / 38.6 1.10 / 30.7 0.22 / 5.6 0.24 / 10.7 1.30 / 57.3 0.11 / 3.0 0.80 / 41.1 2.14 / 17.7 0.863 / 25.00
RAFT 0.46 / 12.5 1.32 / 43.7 0.95 / 29.3 0.24 / 6.7 0.28 / 12.7 1.11 / 45.1 0.11 / 3.0 0.67 / 37.1 2.19 / 19.7 0.813 / 23.30
GMA 0.61 / 21.7 1.84 / 74.7 1.13 / 34.2 0.39 / 9.4 0.36 / 12.1 2.13 / 80.6 0.17 / 2.8 0.88 / 43.5 2.29 / 23.6 1.087 / 33.63

Flow1D 0.79 / 51.4 1.28 / 50.8 1.15 / 47.9 0.27 / 6.3 0.28 / 11.0 1.86 / 83.1 0.13 / 3.4 0.85 / 50.1 2.19 / 17.7 0.979 / 35.76
KPA-Flow 0.47 / 14.9 1.41 / 45.9 0.87 / 29.9 0.27 / 7.1 0.29 / 12.7 1.19 / 47.7 0.12 / 3.0 0.65 / 36.6 2.19 / 19.4 0.827 / 24.12
GMFlow 0.76 / 42.4 1.29 / 61.0 1.54 / 81.7 0.31 / 8.4 0.43 / 14.1 1.83 / 65.0 0.30 / 3.7 0.95 / 54.2 2.29 / 23.3 1.077 / 39.33

GMFlowNet 0.45 / 12.1 1.22 / 43.8 1.02 / 32.9 0.35 / 7.8 0.25 / 10.7 1.53 / 65.3 0.12 / 3.2 0.65 / 31.5 2.18 / 17.5 0.863 / 24.98
CRAFT 0.61 / 15.0 1.28 / 43.5 0.93 / 27.6 0.19 / 5.0 0.25 / 10.2 1.67 / 73.3 0.10 / 2.6 0.56 / 23.1 2.15 / 15.1 0.860 / 23.94

FlowFormer 0.52 / 13.5 1.48 / 58.7 0.98 / 31.0 0.25 / 6.7 0.29 / 11.5 1.82 / 84.5 0.14 / 3.6 0.94 / 54.9 2.22 / 19.5 0.959 / 31.54
HiST-SFlow 0.28 / 7.8 0.80 / 27.4 0.85 / 23.3 0.20 / 5.6 0.27 / 12.8 0.64 / 21.7 0.08 / 2.5 0.53 / 23.9 2.11 / 14.8 0.640 / 15.54

∆
t
=

2
0

SCFlow 0.94 / 27.1 3.00 / 50.6 1.72 / 33.2 0.41 / 8.1 0.46 / 13.6 3.71 / 71.3 0.19 / 5.9 1.57 / 53.7 4.25 / 18.9 1.804 / 31.37
RAFT 0.78 / 18.6 2.75 / 54.4 1.57 / 30.1 0.43 / 9.3 0.50 / 14.6 2.81 / 59.9 0.21 / 5.8 1.31 / 46.7 4.30 / 21.2 1.628 / 28.94
GMA 1.01 / 22.1 4.95 / 96.4 1.52 / 35.9 1.00 / 59.6 1.19 / 98.4 6.66 / 99.5 0.81 / 84.4 1.39 / 45.2 4.64 / 64.9 2.575 / 67.38

Flow1D 1.19 / 51.6 4.52 / 96.3 1.58 / 50.7 0.78 / 53.3 1.01 / 82.1 6.65 / 99.2 0.72 / 73.1 1.39 / 52.3 4.75 / 79.7 2.510 / 70.90
KPA-Flow 0.80 / 20.9 2.93 / 55.6 1.48 / 31.4 0.45 / 9.6 0.52 / 14.5 2.86 / 62.5 0.22 / 5.6 1.31 / 48.4 4.28 / 19.7 1.649 / 29.81
GMFlow 1.49 / 80.3 2.64 / 80.1 2.72 / 91.8 0.54 / 15.3 0.77 / 22.0 3.79 / 81.5 0.55 / 27.8 1.78 / 75.3 4.45 / 32.5 2.080 / 56.28

GMFlowNet 0.92 / 31.4 2.61 / 70.4 2.17 / 42.7 0.61 / 27.5 0.56 / 13.9 3.30 / 93.2 0.21 / 4.5 1.33 / 53.4 4.33 / 25.3 1.782 / 40.25
CRAFT 1.16 / 85.5 2.68 / 61.0 1.99 / 46.8 0.39 / 7.8 0.48 / 12.5 3.53 / 87.1 0.20 / 3.6 1.23 / 38.9 4.31 / 22.0 1.775 / 40.57

FlowFormer 0.91 / 13.8 4.41 / 96.3 1.40 / 32.6 0.80 / 54.8 1.03 / 90.0 6.54 / 99.3 0.74 / 75.8 1.47 / 57.4 4.59 / 61.9 2.432 / 64.67
HiST-SFlow 0.55 / 8.8 2.04 / 33.6 1.64 / 26.3 0.38 / 7.2 0.51 / 13.9 2.00 / 34.7 0.17 / 5.0 1.28 / 33.1 4.18 / 15.1 1.417 / 19.73

Table 1: Comparison on average end-point error (AEPE) and percent of outliers (PO%) with comparable methods on PHM
datasets in the ∆t = 10 and ∆t = 20 tracks (AEPE / PO%). All the methods use spike stream as input and are retrained in the
same setting on SPIFT. The best results for each scene and the best average results are marked in bold.

upsampled through a deconvolutional layer Um to be Um:
Um = Um [Cat {Am,Um−1}] , (8)

The representation R is obtained based on U1.

Scene Loss To ensure the HiST for spike representation
contain the scene’s brightness information with high fidelity
at moment Tc, we propose a scene loss Lscene. The SPIFT
dataset (Hu et al. 2022) offers the brightness ground truth of
the scenes based on a graphics simulator. We propose to use
a series of simple 3-layer convolutional layers {Pm}3m=0
for the representation RTc

and aggregation feature Am in
each level to predict the brightness Iscene(x, Tc) at moment
Tc. The scene loss can be formulated as:
Lscene = ∥Iscene(x, Tc)−P0(RTc

(x))∥1

+
3∑

m=1

λm∥σm(Iscene(x, Tc))−Pm(Am(x))∥1,
(9)

where σm is the resize operator to interpolate the Iscene to
the resolution of Am, and λm is the weight of each level.
Based on the scene loss, RTc

can better focus on the bright-
ness information at the moment Tc. It is noticeable that all
the Pm are used only during training and not for inference.

Loss Function
The loss function for the proposed network is composed of
two parts: the flow loss and the scene loss. Suppose the re-
current optimizer of the network has N iterations, and the
estimated flow fields of each iteration are {w1, . . . ,wN}.
The flow loss can be formulated as follows:

Lflow =
N∑
i=1

γN−i∥wi(x)−wgt(x)∥1, (10)

where γ is the decay factor and we set it as 0.8 following
RAFT. wgt is the ground truth of optical flow. We construct
the scene loss for representations at both the source and tar-
get time. Both the Lflow and Lscene are spatially averaged
for training based on eq. (10) and eq. (9), respectively. The
total loss can be formulated as follows:

L = Lflow + λ(Lsrc
scene + Ltgt

scene), (11)

where λ is set as 0.5.

Experiments
Implementation Details
Model details. In the experiments, we set the input spike
frame number as 25 following the SCFlow (Hu et al.
2022), i.e., T half

s = 12. The temporal kernel size and
stride of {J1,J2,J3} is {5, 5, 5} and {1, 2, 2}, re-
spectively. Thus, the temporal lengths of {J1,J2,J3} are
{T1, T2, T3} = {21, 9, 3}. The weights {λ1, λ2, λ3} are set
as {0.5, 0.25, 0.125}, respectively. In the correlation volume
computation, we set the number of embed modes as 2. The
iteration number of the recurrent optimizer is 12.

Datasets. SPIFT (Hu et al. 2022) is a dataset that is
designed for the training of spike-based optical flow. The
scenes of SPIFT are generated with random contents us-
ing a graphics-based simulator. PHM (Hu et al. 2022) is
a dataset that is designed for the evaluation of spike-based
optical flow. It’s also generated through the graphics-based
simulator, and the scenes are specially designed with photo-
realistic contents and diversified motion. For each of these
two datasets, there are two tracks: ∆t = 10 and ∆t = 20.
The ∆t = 10 means the distance of the central frame of the
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Scene SCFlow FlowFormer KPA-Flow CRAFT HiST-SFlow (Ours) Ground Truth

Cook
Hand

AEE: 0.562  PO%: 25.35 AEE: 0.453  PO%: 30.84 AEE: 0.645  PO%: 34.55 AEE: 0.495  PO%: 29.51 AEE: 0.305  PO%: 17.18

AEE: 0.991  PO%: 48.68 AEE: 1.095  PO%: 50.59 AEE: 0.991  PO%: 41.85 AEE: 1.095  PO%: 47.64 AEE: 0.489  PO%: 12.10

Figure 5: Visual results on PHM dataset in ∆t = 10 track. The meaning of each column is on the top. The performance of each
sample is below each color-coded flow. The Scenes are the gray version of the ideal scene in PHM.

Scene Spike SCFlow FlowFormer KPA-Flow CRAFT HiST-SFlow (Ours)

Viaduct
M

ask

Figure 6: Visual results on real-captured data captured by spike cameras (∆t = 10). The Scenes are the temporal average of the
spikes with gamma transform. The Spikes are the spike frame in the source time of the flow, and a black point means a spike.

two moments for optical flow estimation is 10 spike frames,
similarly for ∆t = 20.

Traning details. Similar to SCFlow (Hu et al. 2022), we
use SPIFT as the training set and use PHM as the evalu-
ation set. In the training procedure, we randomly crop the
spike stream and the flow ground truth to 320 × 448 in the
spatial domain. To balance the motion in the training set,
we randomly flip the data horizontally and vertically. Dif-
ferent from previous methods, we mix the “∆t = 10” and
“∆t = 20” tracks of data during the training. The batch
size is set as 6. We use an Adam optimizer (Kingma and Ba
2015) with β1 = 0.9 and β2 = 0.999. The model is trained
for 50 epochs. The learning rate is initialized as 1e-4 and
scaled by 0.8 every 10 epochs.

Comparable Experiments
We compare the proposed HiST-SFlow with comparable
methods on the PHM dataset (Hu et al. 2022) and real-
captured data. The comparable methods can be divided
into two parts: (a) method designed for spike-based opti-
cal flow, and (b) methods straightforwardly adapted from
optical flow networks for traditional images. Part (a) in-
cludes SCFlow (Hu et al. 2022). Part (b) includes adapted
RAFT (Teed and Deng 2020), GMA (Jiang et al. 2021a),
Flow1D (Xu et al. 2021b), KPA-Flow (Luo et al. 2022),
GMFlow (Xu et al. 2022), GMFlowNet (Zhao et al. 2022),
CRAFT (Sui et al. 2022), and FlowFormer (Huang et al.
2022b). The adapted method is inherited from the compa-
rable experiments in SCFlow (Hu et al. 2022), i.e., regard-
ing the binary spike sub-stream as a multi-channel image.

All the methods use spikes as input and are retrained in
the same setting as our method. Note that we do not use the
event-based methods (Zhu and Yuan 2018; Lee et al. 2020)
since it has been shown that these methods are not appropri-
ate to be straightforwardly adapted for spike-based optical
flow in Table 2 of literature (Hu et al. 2022). It is noticeable
that we only use the architecture of the image-based op-
tical flow methods. The straightforwardly adapted methods
are optical flow networks for spike streams rather than
images. Similarly, we don’t use image-based datasets since
the input of the spike-based optical flow is spike streams.

We use the average end-point error (AEPE) and percent of
outliers (PO%) as the metrics for quantitative comparison.
The AEPE is the spatially mean value of Euclidean distance
between the predicted flow wpred and its ground truth wgt.
We define pixels whose end-point error is larger than 0.5 and
5% of its ground truth simultaneously as outlier pixels. The
PO% is the percentage of this kind of outlier pixels.

For the PHM dataset, we evaluate all the methods on both
∆t = 10 and ∆t = 20 tracks, where the ∆t means the
index difference between the target and source time, i.e.,
∆t = 10 corresponds to 0.25 ms when the spike camera
works at 40kHz. The quantitative results of these two tracks
are shown in Table 1. The average in the last column of the
two tables is the arithmetic mean of the metric of all the
scenes, which is different from the weighted mean based on
the frames of the scenes in SCFlow (Hu et al. 2022). As
shown in Table 1, the proposed HiST-SFlow outperforms all
the comparable methods in most instances.

The visualization results on the PHM dataset and real-
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Index Settings ∆t = 10 ∆t = 20

InterF IntraF Lscene AEPE PO% AEPE PO%

(A) ✗ ✗ ✗ 0.986 33.17 2.095 56.56
(B) ✓ ✗ ✗ 0.694 18.18 1.449 21.99
(C) ✓ ✓ ✗ 0.676 17.34 1.433 22.79
(D) ✓ ✗ ✓ 0.675 16.63 1.448 21.40
(E) ✓ ✓ ✓ 0.640 15.54 1.417 19.73

Table 2: Ablations for the proposed network modules on
PHM dataset. All the values are the arithmetic mean of the
scenes. The best results are marked in bold.

Representation ∆t = 10 ∆t = 20

AEPE PO% AEPE PO%

Window-Based 0.868 25.72 1.757 34.19
Interval-Based 0.880 29.77 1.824 37.91
Multi-Window 0.799 21.10 1.703 34.58

Flow-Guided Window 0.696 16.99 1.533 23.36
HiST (Ours) 0.640 15.54 1.417 19.73

Table 3: Ablations for different representations on PHM
dataset. All the values are the arithmetic mean of the scenes.
The best results are marked in bold.

captured data are shown in Fig. 5 and Fig. 6, respec-
tively. There are two scenes in the real-captured data. The
“Mask” includes a dropping board with mask painting. The
“Viaduct” includes a fast-moving view on a viaduct. Note
that we use the color-coded scheme in the Middlebury
dataset (Baker et al. 2011), which differs from SCFlow (Hu
et al. 2022). As shown in these two figures, our HiST-SFlow
can better preserve the objects’ edges and the motion’s con-
sistency compared with other methods.

Ablations Studies
Ablations for modules. We implement a series of abla-
tions to see the proposed modules’ effectiveness. The quan-
titative results are shown in Table 2. The modules that can be
closed optionally include InterF, IntraF, and scene loss. The
existence of IntraF depends on InterF since IntraF is used for
the output of InterF, i.e., time-series features. Thus, there are
five combinations based on the three options. The compari-
son between experiments {(A), (B)} shows the effectiveness
of the InterF module. Experiments {(B), (C)} and {(D), (E)}
show the effectiveness of the IntraF module. Experiments
{(B), (D)} and {(C), (E)} demonstrate the effectiveness of
the scene loss. In summary, Table. 2 shows that all the pro-
posed modules make contributions to the final model.

Ablations for Different Representations. Besides abla-
tions for components. We replace our network’s HiST with
other spike-based representation schemes. The representa-
tions we use are as follows.
(1) Window-based representation. Zhu et al. (Zhu et al.
2019) propose using the average along the temporal axis for
spike streams to recover the scene’s texture.
(2) Interval-based representation. Zhu et al. (Zhu et al.

Architecture with HiST ∆t = 10 ∆t = 20

AEPE PO% AEPE PO%

GMA No 1.087 33.63 2.575 67.38
Yes 0.666 16.91 1.391 21.20

KPA-Flow No 0.827 24.12 1.649 29.81
Yes 0.659 16.99 1.363 22.27

GMFlowNet No 0.863 24.98 1.782 40.25
Yes 0.730 21.22 1.452 24.93

Table 4: Comparison between the network with and without
HiST on different baselines.

2019) propose to use the interval of the spike firing ∆t(x)
as the basement of image reconstruction.
(3) Multi-window representation. SSDEFormer (Wang
et al. 2022) uses the multi-window temporal average of
the spike stream for representation. The window size varies
from 1 to T .
(4) Flow-guided window. SCFlow (Hu et al. 2022) uses an
initialized optical flow to guide the direction of convolution
for spike streams. In the training procedure, we use the same
recurrent strategy with SCFlow.

The quantitative results are shown in Table 3. The HiST
outperforms all the comparable schemes on all the metrics.
The flow-guided window also performs well, but its compu-
tational procedure is complex, especially in training.

Using HiST for Other Baselines
The main contribution of our HiST-SFlow is a representation
module to obtain high-fidelity features. We use a CRAFT-
like network as our baseline, and other architectures can also
be used as the baseline. We apply our HiST as spike repre-
sentation for other three advanced optical flow network ar-
chitectures, i.e., GMA (Jiang et al. 2021a), KPA-Flow (Luo
et al. 2022), and GMFlowNet (Zhao et al. 2022). As shown
in Table 4, the HiST can improve the performance on the
other three baselines. Almost all the metrics in the table have
a 20% ∼ 30% error reduction with the HiST.

Conclusion
We propose a hierarchical spatial-temporal fusion module
for spike representation and construct a robust network for
spike-based optical flow. We propose an inter-moment pro-
gressive fusion module and an intra-moment filtering mod-
ule to suppress the influence caused by the fluctuations in
the spikes. We also design a scene loss to constrain the repre-
sentation containing the brightness information of the scene.
Experiments demonstrate that our method achieves state-of-
the-art performance on spike-based optical flow and can well
preserve the edges and motion consistency of the objects.
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