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Abstract

Spike camera is a kind of neuromorphic camera with

ultra-high temporal resolution, which can capture dynamic

scenes by continuously firing spike signals. To capture color

information, a color filter array (CFA) is employed on the

sensor of the spike camera, resulting in Bayer-pattern spike

streams. How to restore high-quality color images from the

binary spike signals remains challenging. In this paper, we

propose a motion-guided reconstruction method for spike

cameras with CFA, utilizing color layout and estimated mo-

tion information. Specifically, we develop a joint motion

estimation pipeline for the Bayer-pattern spike stream, ex-

ploiting the motion consistency of channels. We propose to

estimate the missing pixels of each color channel according

to temporally neighboring pixels of the corresponding color

along the motion trajectory. As the spike signals are read

out at discrete time points, there is quantization noise that

impacts the image quality. Thus, we analyze the correlation

of the noise in spatial and temporal domains and propose

a self-supervised network utilizing a masked spike encoder

to handle the noise. Experiments on real-world captured

Bayer-pattern spike streams show that our method can re-

store color images with better visual quality, compared with

state-of-the-art methods. The source codes are available at

https://github.com/csycdong/SSL-CSC.

1. Introduction

With the development of machine vision, there has been

an increasing demand for high-speed imaging, especially

in some emerging applications, such as autonomous driv-

ing and unmanned aerial vehicles. How to capture dynamic

scenes with high-speed motion and respond quickly be-

comes a key challenge. Conventional digital cameras usu-

*Corresponding author.

ally require the scene to be still during the exposure time for

photoelectric signal accumulation. The motion of captured

objects will bring undesirable blur to snapshot images of the

cameras, limiting their applications in high-speed imaging.

Spike camera [7, 8, 10, 22, 35] is a type of neuromor-

phic camera mimicking the structure of the human visual

system. Benefiting from its ultra-high temporal resolution

(e.g., 40,000Hz), the spike camera shows great potential in

recording high-speed scenes. Different from another kind

of neuromorphic camera called event camera [25, 26], the

spike camera captures absolute light intensity instead of

light intensity changes. The first-generation spike camera

is the gray-scale spike camera (GSC). To capture color in-

formation of dynamic scenes, the Bayer-pattern color filter

array (CFA) is employed on the sensor, resulting in the color

spike camera (CSC) [9, 11–14]. How to restore high-quality

color images from the Bayer-pattern spike stream is still an

open task, with the following challenges:

• Missing pixels of each color channel. According to the

Bayer-pattern color layout, 75% (red and blue) or 50%

(green) pixels are missing in each color channel.

• High-speed motion. Spikes fired by a certain pixel do

not always describe the same point of the object due to

high-speed motion. Thus, it is likely to introduce blur.

• Quantization noise in spike signals. The spike signals

are read out at discrete time points, bringing fluctuation

and randomness to continuous photoelectric accumula-

tion and resulting in quantization noise.

Some spike camera reconstruction methods [12, 36, 37,

40, 42] tend to employ end-to-end convolutional neural net-

works (CNNs). As it is hard to collect spike streams with

corresponding high-quality ground truth, they tried to syn-

thesize massive training pairs from videos. However, there

are gaps between synthetic data and real-world captured

data, reducing the practical performance.

In this paper, we develop a motion-guided reconstruc-
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tion method for CSCs. To be specific, we propose to fill

the missing pixel positions based on temporally neighboring

pixels of the corresponding color, utilizing motion trajec-

tory jointly estimated from color channels. We also fill the

positions without available temporal pixels. As the discrete

read-out of spike signals, there is quantization noise that im-

pacts the image quality. Taking the preliminary reconstruc-

tion results as pseudo-labels, we propose a self-supervised

network for CSC reconstruction. According to the analy-

sis of quantization noise in temporal and spatial domains,

we propose an encoder to extract features of each color

channel and handle noise by our developed masked 3D par-

tial convolution (MPConv) and temporal masked convolu-

tion (TMConv). In experiments, our self-supervised method

achieved the best performance among methods without the

supervision of ground truth. Although our method does not

exceed supervised methods on synthetic data, it achieves

better practical performance on real-world captured sam-

ples. The main contributions can be summarized as

• Considering the color layout and motion, we propose a

motion-guided scheme to search temporally neighboring

pixels to estimate the missing pixels of each color chan-

nel. We also develop a self-supervised reconstruction net-

work with the preliminary results as pseudo-labels.

• We analyze the correlation of quantization noise caused

by discrete signal read-out in temporal and spatial do-

mains and propose a masked spike encoder to extract fea-

tures and suppress the noise.

• Experimental results on real-world captured Bayer-

pattern spike streams show that our self-supervised re-

construction method achieves better visual quality than

the state-of-the-art supervised methods.

2. Related Work

2.1. Reconstruction for Spike Cameras

As the first attempt at spike camera reconstruction, Zhu

et al. [45] utilized the number of spike signals within a tem-

poral window (TFP) or temporally neighboring spike inter-

vals (TFI) to infer the light intensity of dynamic scenes.

However, the former strategy is likely to bring motion blur,

and the latter often brings undesired noise. To overcome the

issues, a Motion-Aligned Filter (MAF) [38, 41] was pro-

posed to suppress both motion blur and noise. Differently,

Zhu et al. [46, 47] employed a three-layer spiking neural

model mimicking human vision. Zheng et al. [44] tried to

handle the task with a Short-Term Plasticity (STP) mecha-

nism. Inspired by deep learning, Zhao et al. [40] developed

the first spike camera reconstruction network, Spk2ImgNet,

bringing significant performance gains. Zhang et al. [37]

utilized temporal-robust features of spike signals in time-

frequency space with wavelet transforms, resulting in an-

other gray-scale reconstruction network, WGSE. Consider-

ing the difficulty of collecting paired training data, Chen

et al. [4] proposed a self-supervised joint learning frame-

work for motion estimation and reconstruction.

All the above methods are designed for the first-

generation spike camera that can only generate gray-scale

signals. Focusing on spike cameras with CFA, Dong et al.

[9] presented 3D residual interpolation (3DRI) to first re-

store color images from the Bayer-pattern spike stream.

Based on supervised learning, Dong et al. [13] developed

a demosaicing network called CSpkNet to restore color vi-

sual signals from the Bayer-pattern spike stream. Starting

from the observation model of spike cameras with CFA, an

optimization-inspired network SJDD-Net [12] was also pro-

posed for color image reconstruction of spike cameras.

2.2. Reconstruction for Other Emerging Sensors

The well-known event camera [1, 25, 26, 31] is another type

of neuromorphic camera, designed to capture light intensity

changes. As the first reconstruction attempt, Kim et al. [23]

employed an Extended Kalman Filter to restore gradient im-

ages. Based on deep learning, E2VID [32] was proposed to

reconstruct images in an end-to-end way, with great visual

performance. To achieve lower computational complexity,

Scheerlinck et al. [34] explored FireNet as a lightweight

network. For color imaging, Scheerlinck et al. [33] pro-

posed the first color event camera dataset and methods to

restore color images from events.

Spike cameras and event cameras are designed for high-

speed applications. Differently, quanta image sensor (QIS)

[2, 15–17, 19] is a sensor developed for applications in low-

light imaging, which can detect individual photons through

spatial and temporal oversampling. Choi et al. [6] presented

the first deep neural network for QIS reconstruction. To

achieve dynamic and low-light imaging with the QIS, Chi

et al. [5] proposed a training strategy that transfers knowl-

edge from motion and denoising teachers to a student net-

work. Besides, Gnanasambandam et al. [18] designed a de-

mosaicing method for color imaging of QIS.

3. Preliminary

3.1. Color Spike Camera

Spike camera is a neuromorphic camera that accumulates

photoelectric signals according to absolute light intensity

and continuously outputs binary streams at ultra-high tem-

poral resolution. The gray-scale spike camera (GSC) can

only produce gray-scale visual signals. In contrast, the color

spike camera (CSC) with a CFA on the sensor can capture

color information of dynamic scenes. As shown in Fig. 1,

the structure of CSCs mimics the human visual system. For

each pixel, the photon receptor captures photons and trans-

forms them into accumulations in the integrator, continu-

ously monitored by the comparator. Whenever the accumu-
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Dataset Method Type
� = 0.6 � = 0.8 � = 1.0

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

RBSS

WGSE [37] SL 31.87dB 0.8946 0.1299 29.89dB 0.8843 0.1288 27.85dB 0.8726 0.1332

WGSE� SL 32.19dB 0.8532 0.2411 30.01dB 0.8317 0.2543 28.22dB 0.8146 0.2658

SJDD-Net [12] SL 35.47dB 0.9043 0.1197 33.98dB 0.8974 0.1126 32.68dB 0.8929 0.1091

CSpkNet [13] SL 35.62dB 0.9088 0.1077 34.18dB 0.9048 0.0997 32.75dB 0.9003 0.0986

TFI [45] LF 29.24dB 0.7289 0.3063 25.95dB 0.6596 0.3538 23.97dB 0.6294 0.3731

TFP [45] LF 27.86dB 0.6859 0.3896 25.60dB 0.6482 0.3960 23.78dB 0.6207 0.3986

STP [44] LF 25.50dB 0.6296 0.3357 24.01dB 0.5991 0.3722 23.32dB 0.5978 0.3759

3DRI [9] LF 29.59dB 0.7900 0.2120 28.39dB 0.8028 0.2002 26.95dB 0.8029 0.1946

Oursmg LF 31.42dB 0.8093 0.2003 29.65dB 0.7850 0.1975 28.08dB 0.7660 0.1990

SJRE [4] SS 26.76dB 0.5241 0.4262 25.77dB 0.5341 0.4166 24.84dB 0.5499 0.4050

SJRE� SS 28.15dB 0.6091 0.4916 26.90dB 0.6108 0.4570 25.74dB 0.6167 0.4292

SJRE + Oursmg SS 32.39dB 0.8488 0.2121 30.73dB 0.8377 0.2082 29.21dB 0.8283 0.2089

SJRE� + Oursmg SS 30.40dB 0.7902 0.3075 28.35dB 0.7637 0.3170 26.64dB 0.7429 0.3265

Ours SS 32.90dB 0.8583 0.1949 31.34dB 0.8486 0.1866 29.95dB 0.8417 0.1829

DBSS

WGSE SL 29.45dB 0.9018 0.1100 27.22dB 0.8872 0.1207 25.25dB 0.8728 0.1316

WGSE� SL 34.58dB 0.9065 0.1485 32.43dB 0.8923 0.1578 30.62dB 0.8804 0.1663

SJDD-Net SL 37.85dB 0.9376 0.0723 36.10dB 0.9264 0.0745 34.85dB 0.9269 0.0709

CSpkNet SL 37.66dB 0.9391 0.0714 36.23dB 0.9359 0.0681 34.64dB 0.9311 0.0695

TFI LF 29.80dB 0.7210 0.2978 26.11dB 0.6287 0.3776 24.17dB 0.5957 0.4101

TFP LF 29.34dB 0.7529 0.3188 27.25dB 0.7277 0.3202 25.53dB 0.7101 0.3207

STP LF 25.77dB 0.6585 0.3212 24.15dB 0.5978 0.3814 23.49dB 0.5874 0.3975

3DRI LF 30.65dB 0.8463 0.1640 29.47dB 0.8520 0.1563 28.07dB 0.8478 0.1559

Oursmg LF 32.08dB 0.8247 0.1595 30.19dB 0.7932 0.1683 28.51dB 0.7657 0.1836

SJRE SS 26.39dB 0.5048 0.4382 25.34dB 0.5154 0.4314 24.32dB 0.5267 0.4237

SJRE� SS 29.03dB 0.6355 0.4258 28.07dB 0.6440 0.3845 27.12dB 0.6521 0.3540

SJRE + Oursmg SS 34.50dB 0.8927 0.1256 32.96dB 0.8856 0.1242 31.45dB 0.8795 0.1263

SJRE� + Oursmg SS 32.52dB 0.8544 0.1946 30.61dB 0.8387 0.2020 28.96dB 0.8262 0.2098

Ours SS 34.89dB 0.8969 0.1179 33.37dB 0.8879 0.1146 31.98dB 0.8815 0.1126

Table 1. Quantitative comparison on synthetic data with 3 light coefficients. SL, LF and SS denote the supervised learning, learning-free

and self-supervised methods, respectively. Red and blue indicate the best performance in methods w and w./o. ground truth, respectively.

Method
Methods w Ground Truth (SL) Methods w./o. Ground Truth (LF + SS)

WGSE WGSE� SJDD-Net CSpkNet TFI TFP STP 3DRI Oursmg SJRE SJRE� Ours

PSNR (dB) ↑ 28.43 33.77 38.35 38.03 27.14 27.97 24.88 31.04 32.56 26.39 28.83 35.73

SSIM ↑ 0.9315 0.9366 0.9625 0.9641 0.7085 0.7653 0.6699 0.8973 0.8549 0.5701 0.6927 0.9323

LPIPS ↓ 0.0767 0.1293 0.0356 0.0334 0.3174 0.3102 0.3294 0.0980 0.1031 0.4050 0.3623 0.0671

FLOPs (G) ↓ 3828.1 3827.0 4727.4 3582.4 - - - - - 3955.1 3960.2 3226.3

Params (M) ↓ 3.8067 3.8056 3.7529 6.6573 - - - - - 1.1922 1.1920 1.0515

Running Time (s) ↓ 0.8913 0.8954 2.5138 2.6162 0.0487 0.0856 13.457 58.129 0.7385 3.2716 2.7063 1.5223

Table 2. Quantitative and computational complexity comparison on GBSS with random light coefficient � ∈ [0.6, 1.0].

light intensity coefficient �, designed to control the bright-

ness of dynamic scenes in the simulator, is randomly chosen

from [0.6, 1.0] to improve the model’s adaptability to vari-

ous light intensities. To evaluate the performance, we gener-

ate three Bayer-pattern Spike Stream datasets, RBSS, DBSS

and GBSS from REDS, DAVIS [30] and GoPro [28]. For

RBSS and DBSS, we generate three versions with different

brightness settings, � 2 f0:6; 0:8; 1:0g, while the light in-

tensity coefficient � of GBSS is randomly chosen from [0.6,

1.0]. The main motion sources of the datasets are different,

aiming to evaluate the models more fully. We also verify

the generalizability of the model trained on BSS [12].

Compared Methods. We have three types of compared

methods: supervised learning (SL) methods, learning-free

(LF) methods and self-supervised (SS) learning methods.

For SL methods, we first choose the state-of-the-art (SOTA)

CSC reconstruction networks SJDD-Net [12] and CSpkNet

[13]. We also employ the GSC reconstruction network

WGSE [37]. To adapt WGSE to the task, we use Bayer-

pattern spike streams for end-to-end learning. Besides, we

also adopt the strategy in [33] that estimates the intensi-

ties of each color channel separately and then combines

them into a color image, denoted as WGSE�. These SL

models are supervised by ground truth images. For LF

methods, we choose the spike camera demosaicing method

3DRI. We also combine the pixel-independent GSC light

inference methods TFI/TFP [45] and STP [44] with a lin-

ear interpolation-based demosaicing method. As there are

no self-supervised (SS) methods for CSCs, we choose the

SOTA self-supervised methods for GSCs, namely SJRE [4].

For color image reconstruction, we adopt the two strategies

for WGSE to SJRE, resulting in SJRE and SJRE�. Be-

sides, we replace the pseudo-label of SJRE and SJRE� with

pseudo-labels by our motion-guided method oursmg .
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TFI (ICME 19)WGSE (AAAI 23) WGSE* SJDD-Net (AAAI 24) TFP (ICME 19) STP (CVPR 21)

SJRE (AAAI 23) SJRE*3DRI (ICIP 23) OursOursmg SJRE + Oursmg SJRE* + Oursmg

Supervised Learning (SL) Method Learning-Free (LF) Method Self-Supervised (SS) Learning Method

TFI (ICME 19)WGSE (AAAI 23) WGSE* SJDD-Net (AAAI 24) TFP (ICME 19) STP (CVPR 21)

SJRE (AAAI 23) SJRE*3DRI (ICIP 23) OursOursmg SJRE + Oursmg SJRE* + Oursmg

CSpkNet (TIP 24)

CSpkNet (TIP 24)

Figure 5. Visual comparison on the real-world captured Bayer-pattern spike streams from BSS [12]. The first sample records a fast-rotating
water bottle (object motion). The second one is captured by a fast-shaking CSC (camera motion). Zoom in for better visual comparison.

6.3. Comparison Results

Quantitative Comparison. Table 1 presents the quantita-

tive results on RBSS and DBSS. It can be found that the su-

pervised learning methods perform better than most meth-

ods without supervised training. Supervised by ground truth

images, the SL method CSpkNet achieves the best perfor-

mance in most cases. Our SS method performs the best

among the methods without ground truth (LF + SS), achiev-

ing competitive performance with the supervised WGSE-

based methods. Oursmg achieves the best performance

among all the LF methods. Trained with the pseudo-labels

by oursmg , our network (ours) obtains better results than

oursmg . Besides, WGSE� and SJRE�, which adopt the

color-independent strategy [33], show better PSNR perfor-

mance than WGSE and SJRE, respectively. With pseudo-

labels by oursmg , the SS SJRE-based methods achieve sig-

nificant performance gains. As shown in Table 2, results on

the dataset with random � share a similar situation to that in

Table 1. Besides, ours gains a minimal number of parame-

ters and floating point of operations (FLOPs) among all the

learning-based methods (SL + SS).

Visual Comparison. As shown in Fig. 5 and Fig. 6,

we performed comparison experiments on real-world cap-

tured Bayer-pattern spike streams from BSS [12] to ver-

ify the practical performance. In contrast, the results of

our self-supervised network achieve better details and less

noise than other methods, including the SOTA supervised

methods SJDD-Net and CSpkNet. Considering quanti-

zation noise, our network suppresses the noise compared

with oursmg . Compared to WGSE and SJRE, WGSE� and

SJRE� with another color-independent strategy obtain more

precise color. With pseudo-labels by oursmg , the noise and

artifacts from SJRE and SJRE� are reduced a lot, achiev-

ing better visual quality. Besides, the results of 3DRI enjoy

good details but severe noise. The visual results of TFI and

STP also tend to be noisy, while those of TFP look blurry.

6.4. Ablation Study

Motion-Guided Mehotd. Table 3 presents the ablation

study on RBSS. First, we perform independent motion esti-

mation for each color channel in Case (A). To verify the

interpolation, we only extract pixels of each color with-



Binary Spike SJDD-Net CSpkNet TFI TFP STP 3DRI SJRE SJRE* SJRE+Ourspl SJRE*+Ourspl Ours

  

Figure 6. Visual comparison on more real-world captured samples from BSS. BSS is a widely used real-world captured dataset for CSC

reconstruction [11–13], involving both object and camera motion. Please enlarge the figure to better see the visual difference.

out spatial interpolation for motion estimation in Case (B).

Then, the temporal pixels are filtered directly without the

motion-guided search in Case (C). We also replace the in-

tensity inference method TFI by TFP with multiple win-

dows in Cases (D), (E) and (F). After that, we remove the

consideration of color layout and search pixels directly to

verify its effectiveness in Case (G). Finally, we remove the

no-temporal-pixel position filling operation in Case (H).

Case Setting Description � = 0.6 � = 0.8 � = 1.0 Avg. "
(A) w./o. joint motion estimation 31.27 29.50 27.91 29.56

(B) w./o. spatial interpolation 31.44 29.51 27.81 29.59

(C) w./o. motion-guided search 28.48 25.96 24.17 26.20

(D) TFP (short) for inference 30.25 28.84 27.41 28.83

(E) TFP (medium) for inference 30.07 27.99 26.21 28.09

(F) TFP (long) for inference 28.98 26.71 24.87 26.85

(G) Pixel search w./o. color layout 30.16 27.86 26.23 28.08

(H) w./o. filling no-pixel positions 31.31 29.54 27.96 29.60

(I) Our motion-guided method 31.42 29.65 28.08 29.72

Table 3. Ablation study for the motion-guided method. Deeper

blocks denote higher PSNR(dB).

Self-Supervised Network. We perform the study for the

self-supervised network as shown in Table 4. To verify the

performance of pseudo-labels by oursmg , we replace it with

TFI-based and TFP-based pseudo-labels in Cases (A), (B),

(C) and (D). Then, we employ 2D/3D convolution as base-

lines in Case (E) and Case (F) to verify the performance of

the MSE module. In Case (G), we remove the MPConv to

show its effectiveness and the necessity of color extraction.

To demonstrate the collaboration of convolution for spatial

and temporal noise, we keep only the 3DConv or TMConv

in Cases (H) and (I). We also employ the same type in the

two branches to further verify it in Cases (J) and (K).

Case Setting Description � = 0.6 � = 0.8 � = 1.0 Avg. "
(A) TFI pseudo-label 30.61 28.76 27.06 28.81

(B) TFP pseudo-label (short) 28.05 26.34 24.60 26.33

(C) TFP pseudo-label (medium) 28.65 26.82 25.14 26.87

(D) TFP pseudo-label (long) 28.87 26.50 24.60 26.66

(E) Replacing MSE with 2DConv 30.18 28.22 26.47 28.29

(F) Replacing MSE with 3DConv 30.31 28.36 26.66 28.44

(G) w./o. MPConv in MSE 30.60 28.72 27.07 28.80

(H) Only a single 3DConv in MSE 32.81 31.25 29.84 31.30

(I) Only a single TMConv in MSE 32.83 31.27 29.86 31.32

(J) Only 3DConv in two branches 32.87 31.29 29.86 31.34

(K) Only TMConv in two branches 32.84 31.24 29.78 31.29

(L) Our self-supervised network 32.90 31.34 29.95 31.40

Table 4. Ablation study for the self-supervised network.

7. Conclusion

We propose a motion-guided reconstruction method for

CSCs. To be specific, we develop a joint motion estimation

pipeline for the Bayer-pattern spike stream. Then, we uti-

lize the color layout and motion information to fill the miss-

ing pixel position of each color channel according to the

temporally neighboring pixels of the corresponding color.

To handle quantization noise, we analyze the correlation of

the noise and develop a self-supervised network based on

our masked spike encoder. Experiments on real-world cap-

tured data show that our method achieves better visual per-

formance than the state-of-the-art supervised method.
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