Self-Supervised Learning for Color Spike Camera Reconstruction

Supplementary Material

1. Color Spike Camera Details

1.1. Capture Process

To introduce the working mechanism of CSCs better, we
give a brief and rough formulation description of the cap-
ture process. During the capture of the dynamic scene, the
CSC sensor can record the instantaneous absolute light in-
tensity, which can be modeled as continuous latent light in-
tensity frames {F1,Fs, ..., F,,}. Due to multiple noises in
the capture process, there are fluctuations for each frame.
As aresult, the process can be formulated as follows:

(S, = C({F; + i}y, 0), 1)

where {Sl}zil denotes the output Bayer-pattern spike
stream with n’ binary spike frames, C(-) denotes the CSC,
n; denotes the noise of the i-th latent frame, and 6 denotes
the spike firing threshold.

1.2. Hardware Details
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Figure 1. Ilustration of color spike camera.

The CSC used to capture real-world Bayer-pattern spike
streams of BSS [5] employs an RGGB Bayer-pattern color
filter array (see Fig. 1), which is facilitated with a 50mm
1:1.8D lens. According to the sensor manufacturer, a spatial
resolution of 1000x 1000 is achieved, with a pixel size of
17um x 17um. The frequency of its sensor is 20000Hz.
The data output speed is SOOMHz, while the firing threshold
voltage stands at 0.9V, with a reset time of 200ns.

1.3. CSC Simulator

In our work, we employ a CSC simulator to generate
datasets and analyze the quantization noise, which is de-
veloped according to the working mechanism of CSC. Fig.
2 presents the pipeline of the simulator. The input of the
simulator is color video frames, which are regarded as the
dynamic scene to be captured. Considering the frame rate
of the video is often limited, the temporal information is

Algorithm 1: Color spike camera simulator

Input: Color video frames, spike firing threshold
and pattern of the CFA
Output: A clip of Bayer-pattern spike stream
{Si}ﬁil
1 Generate N intensity frames denoted as {I,}
from the input frames by frame interpolation;
2 fori < 1to N do
3 Convert the three-channel intensity frame to a
one-channel Bayer-pattern intensity frame I
according to the pattern of CFA;
4 Accumulate light intensity signals from the
Bayer-pattern intensity frame, resulting in the
accumulated signals E;;

N
=1

5 for each pixel (z,y) do

6 if E;(z,y) > 6 then

7 Si(z,y) =1;// sSpike fired

8 E;(z,y) =0;// Reset

9 else

10 | Si(z,y)=0;// No spike fired
11 end

12 end

13 end

not enough for the generation of spike streams with ultra-
high temporal resolution. Thus, we use a frame interpola-
tion method [11] to approximate continuous light intensity
frames. Then, we convert the three-channel intensity frame
to a one-channel Bayer-pattern intensity frame according to
the color mask, designed to approximate the CFA on the
sensor. After that, we simulate the processes of accumulate-
and fire and check-and-reset based on the working mecha-
nism of spike cameras, resulting in a Bayer-pattern spike
stream. To better introduce the simulator, we summarize
the pipeline in Algorithm 1. The codes of the CSC simula-
tor will be publicly available.

2. Method Details
2.1. Method Summary

We summarize the pipeline of the motion-guided recon-
struction method in Algorithm 2 for a better description.

2.2. Motion Estimation

In our method, we need the optical flows from the middle
time point to the beginning and the end time points, w{ ; and
W . According to the usage of the spike camera motion



Approximate

Continuous

Y

, : Approximate CFA
Light Intensity :
. Bayer- Pattern |
Color Video Frame . H
. Intensity 4
Frames Interpolation (-

Bayer-Pattern

Accumulation ]—>| Check ]—>|

Fire |

Veobeccccaaaar

Conversion

Spike Stream

Approximate Work/ng Mechan/sm of Sp/ke Camera

Figure 2. The pipeline of the color spike camera simulator.

Algorithm 2: Motion-Guided Reconstruction

Input: A clip of Bayer-pattern spike stream
{S;} ., color mask

Output: A color image T from the Bayer-pattern

spike stream

Extract spike signals of each color channel by
element-wise multiplication of each spike frame
and the color mask of each color channel, resulting
in {S{}HL, {SF}Y, and {SP}Y

for each color channel c € {R, G, B} do

Transform the spike signals {S¢}2Y ; to
intervals;

Estimate the values of the missing pixel
positions of the intervals by spatial
interpolation;

Estimate optical flows from the middle time
point to the beginning and end time points by
the spike camera motion estimation method
Spike2Flow [14], resulting in W ; and w¢

—

N

3

gk

end

Get joint estimation results w; ; and w 3, by
averaging the optical flows of color channels;

=

8 for each color channel ¢ € {R,G, B} do
9 | Infer the light intensity {L$}YY | from {S¢}Y
by TFI [15];
10 Fill the missing pixel positions of {L$}¥ | by
temporally neighboring pixels along the
motion trajectory (according to w; ; and W 1.);
11 Estimate the positions without available
temporal pixels by spatial interpolation;
12 end
13 Concentrate the three filled color channels, resulting

in the target color image T.

estimation method Spike2Flow [14], the number of spike
frames for each time point is 21. The interval between time
points should be a multiple of 3. The right boundary of
the last time point farthest from the middle time point is
21 +3x3+4+10 = 40 < N = 41. Similarly, for the
left boundary of the first time point farthest from the middle
time point, the calculation yields 21 —3 x 3 — 10 = 2 >
1. Consequently, the indices corresponding to the last time
point and the first time point are determined as 30 and 12,

respectively, as shown in Fig. 3.
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Figure 3. Motion estimation by Spike2Flow [14], ¢ € {R, G, B}.
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2.3. Assumption of Smooth Motion

In Eqn. (6), we assume that the motion is smooth between
the middle time point and the first/last time point. The as-
sumption is a trade-off for computational complexity. As
the frequency of the CSC is 20,000Hz, the underlying mo-
tion within temporal neighboring frames is slight in many
cases. The time interval of two time points for motion esti-
mation is 20/20000s = 1 ms. Thus, we assume the motion is
linear during the period for a lower computation cost. For
better performance with no consideration of the cost, we
can estimate motion between each time point and the mid-
dle time point for the cases with complex motion.

2.4. No-Temporal-Pixel Position Filling

For the positions of missing pixels without available tempo-
rally neighboring pixels, we propose to estimate the values
by spatial interpolation. Supposing that the positions of the
four closest non-missing pixels to the missing pixel position
(z,y) are (z1,y1), (¥1,¥2), (2, 91) and (22, y2) according
to the Bayer pattern color layout, we can estimate the value
of the position as follows:

. (m — )y~ y)
+ (w2, 1) (2 — 21)(y2 — Y1) )
(172 —x)(y )
+(z1,2) - (z2 —21)(y2 — 1)
(@ —21)(y —y)
+ I(22,y2) - (z9 — x1)(y2 — y1)'



Dataset ~ Generation  Base Dataset ~ Samples Resolution Intensity Coeff. Main Motion Source
RBSS Simulation REDS [9] 150 41 x 720 x 1280 {0.6,0.8, 1.0} Camera’s ego motion
DBSS Simulation ~ DAVIS [10] 210 41 x 720 x 1280 {0.6,0.8, 1.0} Motion of captured objects
GBSS Simulation GoPro [8] 165 41 x 720 x 1280 [0.6, 1.0] Camera’s ego motion
BSS [5] Shoot - 28 399 x 1000 x 1000 - Camera or object motion

Table 1. Details of the Bayer-pattern spike stream datasets for evaluation.

2.5. Discussions on Pseudo-Labels

To generate the pseudo-labels, we collect temporally neigh-
boring pixels along motion trajectories to estimate the spa-
tially missing pixels caused by the color filter array. How-
ever, the estimated motion trajectories are not entirely ac-
curate in most cases. There are often some missing pixels
without available temporally neighboring pixels for estima-
tion. Though surpassing the SOTA learning-free method
3DRI [3], the quality of the generated pseudo-labels is still
imperfect, with some noise and artifacts. Supervised by lots
of imperfect pseudo-labels, our self-supervised method can
learn to generate clean color images from the input Bayer-
pattern spike streams.

2.6. Conv and Residual Block

As shown in Fig. 4, Conv in our figures denotes a 3x3 2D
convolutional layer followed by an LReLU activation func-
tion. Residual Block refers to the residual block proposed
in [7] with the LReLU activation function.
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Figure 4. Illustration of Conv and Residual Block.

2.7. Loss Function

Following some network-based works of spike camera re-
construction [12, 13], we use /1 loss as the loss function.
Given m pairs of training data with N spike frames in each
sample, the optimization objective can be written by

© =argmin 3 IF((S} 101 Mi: ©) = MUS] L Mo,

’ @
where O denotes the parameters of our model, 7 () denotes
our self-supervised network, S; denotes the j-th Bayer-
pattern spike frame of the i-th sample, M; denotes the i-th
color mask, and M(-) denotes our motion-guided recon-
struction method for CSCs.

2.8. Limitations

As the sensor frequency of the CSC is 20,000Hz, the in-
ference time is supposed to be less than 0.05ms for a

1000x 1000 color image. However, our method is not fast
enough to meet the demands of real-time inference. We will
study a real-time method in further research.

3. Experimental Details

3.1. Difficulty for Capturing Paired Data

The ideal way of collecting data pairs is using an RGB cam-
era and a CSC to shoot a dynamic scene at the same time.
However, this strategy meets the following challenges:

* Compared with the CSC, the temporal resolution of RGB
cameras is limited. The output RGB image as ground
truth is likely to be blurry for dynamic scenes with high-
speed motion. Though employing a high-speed RGB
camera, the temporal resolution is also hard to meet at
20,000Hz. Besides, the spatial resolution will be im-
pacted when using higher temporal resolution limited by
the bandwidth of the high-speed RGB camera.

* To capture synchronized data, we usually use a beam
splitter. However, the beam splitter will halve the incom-
ing light for each camera, resulting in a significant impact
on the high-frequency sensors (i.e., CSC and high-speed
RGB camera).

* Due to the spatial and temporal resolution difference be-
tween the RGB camera and the CSC, the spatial and tem-
poral alignment between RGB ground truth images and
Bayer-pattern spike streams is also a challenge, especially
for a large number of training pairs.

As a result, it’s hard to capture datasets with lots of
high-quality pairs. To handle the problem, most existing
learning-based methods try to employ spike camera sim-
ulators, which generate spike streams from video frames.
However, the frame rates of most video datasets cannot
meet 20,000Hz. The simulated data pairs based on frame
interpolation for higher frame rates are unreal enough. The
sensor noise is also hard to simulate. As a result, there are
gaps between real-world captured pairs and synthetic pairs.

Due to the difficulty of capturing paired data, we employ
synthetic datasets for training and quantitative evaluation.
In particular, we use BSS [5] to verify the generalizability
of the model trained on the synthetic spike streams to real-
world captured Bayer-pattern spike streams.
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Figure 5. Illustration of ablation study cases for the MSE module.

3.2. Evaluation Dataset Details

As mentioned in the pipeline of the CSC simulator, we em-
ploy color frames from video datasets to simulate the dy-
namic scene. For the SOTA supervised method SJDD-Net
[5] and CSpkNet [6], REDS and DAVIS are used for data
simulation, which gives us inspiration for video data selec-
tion. To fully evaluate the method, we propose to use the
video datasets with multiple motion sources as shown in Ta-
ble 1. Therefore, we select three video datasets (REDS [9],
DAVIS [10] and GoPro [8]) for data simulation, which are
widely used in video restoration and spike camera recon-
struction. Other video datasets with enough color frames
are also available for Bayer-pattern spike stream generation.

However, the frame rates of most video datasets are lim-
ited. To be specific, the temporal information is not enough
for the simulation of spike streams with ultra-high temporal
resolution. Thus, we pre-process the data by frame inter-
polation to approximate continuous light intensity frames.
More details of evaluation datasets with Bayer-pattern spike
streams are shown in Table 1.

3.3. Light Inference Strategies

TFI [15] and TFP [15] are two basic pixel-level strategies
for light inference from spike streams, which are employed
in both comparison experiments and ablation studies of our
work. The former is based on the interval of neighboring
spikes, the latter is based on the number of spike signals
within a temporal window. For the first interval-based strat-
egy, we can infer the light intensity of a certain pixel (z, y)

based on the reciprocal of the interval as

0

L.(z,y) = T, (z.y)

“4)

where 0 denotes the maximum dynamic range, and
W, (x,y) denotes the shortest spike interval of two tempo-
rally neighboring spikes that covers the n-th spike frame.
For the window-based method TFP, the light intensity can
be inferred as follows:

n+w

0
Ln(xay) = E Z Si—“’Tﬂ(xmy)a

1=n+1

®)

where w denotes the length of the temporal window, which
is usually an odd number.

3.4. Quantitative Gaps between SL and SS Methods

The final target of CSC reconstruction is to restore
high-quality color images from real-world captured spike
streams. In low-level vision works, SS methods are often
inferior to SL methods in terms of quantitative evaluation
by synthetic data, including the existing SS spike camera
reconstruction methods SSML [1] and SJRE [2]. Super-
vised by ground truth images, SL methods make it easier to
achieve better quantitative results on synthetic data.

As shown in the table of comparison results on synthetic
datasets, the SL. methods tend to achieve better quantitative
results. As there are gaps between real-world captured data
and synthetic data, better quantitative performance does not
mean better performance on real-world captured data for
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Figure 6. Visual comparison of the ground truth images, TFI results, and outputs of our network. Zoom in for better visualization.

sure. The better quantitative performance of the SL meth-
ods comes from the supervision of ground truth. Accord-
ing to experiments on real-world captured data, the perfor-
mance of our SS method is not inferior to the SL meth-
ods. The quantitative evaluation on real-world captured
data with the ground truth will effectively demonstrate the
phenomenon. Considering there are no real-world CSC
datasets with ground truth, it’s significant to construct such
a dataset in the following work.

3.5. Case Details of Ablation Study

To better introduce the ablation study, we provide more case
details. For Case (B) in the first ablation study table, mo-
tion estimation is performed on pixels split from each color
channel without interpolation. As the spatial resolution is
H/2xW/2 due to channel splitting, we upsampled the esti-
mated optical flows. Without motion-guided temporal pixel
search, the missing pixels of each color channel are esti-
mated by spatial interpolation in Case (C). For Cases (D),
(E) and (F), the lengths of the short, medium and long tem-
poral windows are set to 11, 21 and 31, which are the same
as Cases (B), (C) and (D) in the second ablation study table.
For Case (H), the values of the no-temporal-pixel positions
are set to 0. The structures of Cases in the second ablation
study table for the MSE module are shown in Fig. 5.

3.6. Evidence for Relieving Quantization Noise

In our experiments, the synthetic spike streams can be re-
garded as only involving quantization noise. If the quantiza-
tion noise does not exist, we can infer nearly exact intensity
by TFI [15]. By comparing TFI-based results and targets,
we can visualize the effects of the quantization noise. To
show the visual evidence that our method can relieve the
noise, we show ground truth images, TFI results and out-
puts of our network in Fig. 6.

3.7. More Visual Results

Due to the data gaps, better performance on synthetic data
does not mean better practical performance on real-world

captured data. At present, BSS [5] is the most widely used
real-world dataset captured for CSC reconstruction [4—0].
To further demonstrate the practical performance of our
method, we supplement more complete visual results on the
Bayer-pattern spike streams from BSS, which are shown
in the following figures. These samples involve both ob-
ject and camera motion. Compared to other methods, our
method achieves better texture details. Please enlarge the
figures for better visual comparison.
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Figure 7. Visual comparison on the real-world captured Bayer-pattern spike streams. The first one records a fast-shaking pattern and a
fast-moving toy car. The second one records some fast-dropping clips. The last one is recorded by a fast-shaking camera.
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Figure 8. Visual comparison on the real-world captured Bayer-pattern spike stream. The first sample is recorded by a fast-shaking camera.
The second one records a fast-rotating yoyo-ball.
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Figure 9. Visual comparison on the real-world captured Bayer-pattern spike stream, which records a fast-shaking board.



