Spatio-Temporal Difference Guided Motion Deblurring
with the Complementary Vision Sensor

Supplementary Material

6. Appendix
6.1. Choice of the SD Index

In the main paper (Sec. 3.2, Eq. 2), we mention that our de-
blurring model takes the SD frame closest to the exposure
midpoint, SD|(y_1)/2], as structural guidance and outputs
the final deblurred image D. Consequently, the recovered
structure of D is aligned with the physically captured struc-
tural snapshot SD | (nv—_1)/2]-

Dy, = M*(B, SDy, {TD;}X5?), an

where Dy, is structurally aligned with SDy,.

Using the same dataset and training procedure, the net-
work M* can thus be optimized to restore the blurry image
B into any temporal slice within the exposure window, i.e.,
Dy, aligned to SDy, for any k € [0, N — 1]. When ap-
plied at inference time, such a model enables the recovery
of a short video sequence from a single blurry RGB im-
age and its corresponding spatio—temporal difference sig-
nals, depicting the scene motion within the exposure dura-
tion.

Full video results are provided in the supplementary ma-
terial (see single_frame_to_video.mp4).

6.2. TD-Sequence Augmentation for Continuous
Exposure Time Generalization.

In the main paper (Sec. 3.2, Eq. 2), the input temporal-
difference sequence {7D; }1 ;% is defined with

N — FRGB—‘ ’
Tdiff

which guarantees that all motion cues occurring within the
RGB exposure duration tggp are fully covered even when
trgp 18 not an integer multiple of the difference sampling
interval T4ir. However, this also implies that the last element
TDn_2 may contain extra motion information beyond the
actual exposure window represented by the blurry image.

To enable the network to automatically select valid tem-
poral information from a 7D sequence—and thus general-
ize to arbitrary continuous exposure times—we introduce
a temporal-augmentation strategy during training. Specifi-
cally, we randomly extend the final TD entry by appending
additional TD frames sampled from later timestamps. For-
mally, we replace:

TDN_o —> TID?V72 where T’D?V,Q :ZT'DN,2+J‘,

J=0

with the augmentation length m randomly sampled from
{1,2,3}, and frames added in chronological order. This
simulates the situation where the final 7D frame contains
extra motion beyond the exposure period while requiring
the network to learn to extract only the useful temporal cues.

We compare models trained with and without this TD-
augmentation strategy, and evaluate them on the original
test set, which provides deblurring ground truth under sev-
eral discrete exposure durations. As shown below, the
augmentation causes negligible performance changes while
providing significantly improved generalization to continu-
ous exposure time (see Sec. 6.6).
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The negligible difference between the two configurations
demonstrates that the augmented model successfully learns
to adaptively select valid temporal information, enabling
generalization to arbitrary continuous exposure durations.

6.3. DMD-based Dataset Making Details

Existing datasets for novel sensors fall into two categories.
Simulation-based methods use software simulators (e.g.,
ESIM for event cameras) [60] and conveniently reuse exist-
ing RGB datasets, but they fail to model real sensor behav-
iors such as noise, latency, nonlinear response, and refrac-
tory effects, limiting their real-world generalization [64].
Real-capture datasets using beam splitters [53-56], dual
cameras [51], or motorized rails [61] better capture real sen-
sor responses but often suffer from spatial misalignment,
uneven light-intensity distribution, and restricted scene di-
versity, making large-scale acquisition difficult.

We employ a Digital Micro-Mirror Device (DMD) and
its corresponding optical path to project light onto the
CVS sensor, enabling the acquisition of realistic sensor re-
sponses. We next detail how this mechanism converts an
existing high-frame-rate dataset (hereafter referred to as the
RGB source, e.g., SportsSloMo [50]) into a CVS deblurring
dataset.

We first describe how a single RGB frame is projected
onto the CVS: A constant-intensity white light source is re-
flected by the DMD and projected onto the CVS sensor. By
controlling the on/off state of each micro-mirror, we modu-
late the duration for which each CVS pixel is exposed to the
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illumination. Assuming the maximum light transmittable
duration is Ty, the RGB source pixel at (x,y) has value
a, and the maximum pixel value is A, we set the mirror’s
on-time to (a/A), Ty. This produces a physically valid re-
sponse to the projected image. Because the DMD operates
in grayscale, we sequentially project the R, G, and B chan-
nels and then combine the CVS imaging results to recon-
struct the full RGB image.

To generate temporally varying CVS data—including
blurred RGB exposures and real spatio-temporal differ-
ence responses—we project a high-frame-rate RGB se-
quence onto the DMD and synchronize it with the CVS.
Specifically, each exposure start signal of the CVS spatio-
temporal-difference frame triggers the DMD to display the
next RGB source frame. After a duration of 74, the CVS
issues the next exposure start signal, and the DMD advances
to the next frame. Fig. 7 illustrates the projected RGB
source frames and the resulting CVS spatio-temporal dif-
ference signals.

During this process, the CVS RGB exposure time is
adjustable and typically spans multiple consecutive DMD-
projected frames. As a result, several sharp source frames
overlap within a single exposure, naturally producing re-
alistically blurred RGB images. If we instead repeatedly
project a static RGB frame during the exposure, the CVS
captures a sharp, blur-free results, which we use as the
ground-truth (GT) reference for deblurring.

6.4. Full Comparisons with Other Methods on Real-
World Data

In the main paper (Sec. 4.3), we evaluate the real-world
generalization ability of different sensor-algorithm combi-
nations. Here, we provide the complete test results, cov-
ering both CVS-based pipelines and event-camera-based
pipelines.
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Figure 7. From high-frame-rate SportsSloMo RGB source to the generated SportsSloMo-CVS dataset.

Table 3. All sensor—algorithm—pretraining combinations evaluated
on real-world data.

Sensor | Method | Pretrained Dataset

CVs | CBRDM | SportsSloMo-CVS
DAVIS-MONO | EFNet REBIlur
DAVIS-MONO | EFNet GoPro
DAVIS-Color | EFNet GoPro
DAVIS-MONO | STCNet GoPro
DAVIS-Color | STCNet GoPro
DAVIS-MONO | MAENet REBIlur
DAVIS-MONO | MAENet GoPro
DAVIS-MONO | MAENet HSERGB
DAVIS-Color | MAENet GoPro
DAVIS-Color | MAENet HSERGB

We include the state-of-the-art CVS reconstruction
method CBRDM [59], and event-based deblurring models
EFNet [61], STCNet [63], and MAENet [62]. For methods
offering multiple pretrained variants, we evaluate all appli-
cable weights. Following a unified protocol:

* Models pretrained on grayscale datasets are evaluated
only on DAVIS-MONO.

* Models pretrained on color datasets are evaluated on both
DAVIS-MONO and DAVIS-Color.

Table 3 lists all sensor—-model—pretraining combinations
included in our real-world comparison. The main paper re-
ports only representative scenes and the best-performing re-
sults for each method; here we provide the full results in
Fig. 8 of this supplementary material.
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Figure 8. Full comparison results on real-captured data with CVS-based and event-based methods.

6.5. Performance Boundary Analysis Details

To investigate the performance limits of CVS-based mo-
tion deblurring in real-world settings, we construct a stan-
dardized rotating-disk benchmark that enables controlled,
repeatable, and quantitatively measurable evaluation. The
setup allows precise adjustment of two key physical factors
governing motion blur: (1) the disk rotation speed and (2)
the RGB exposure duration.

Data Acquisition. A motor-controlled rotating disk with
adjustable angular velocity is illuminated by a tunable light-
ing system (400-900 lux), yielding CVS RGB exposure
times ranging from 6,600 ps to 14,520 ps. The CVS camera
is positioned orthogonally to the disk surface, and its pose
remains fixed throughout all recordings. For each exposure
duration, the disk speed is uniformly varied from 200 rpm to
1000 rpm. In addition to the blurred measurements, we also
capture a static, blur-free reference image under the same
illumination conditions, which serves as the normalization
baseline for subsequent analysis.

Deblurring Evaluation. Because ground-truth sharp
frames are unavailable in real-captured experiments, we fol-
low the edge-sharpness-based evaluation procedure of [52].

For each deblurred image produced by ours STGDNet, we

uniformly sample points along the disk perimeter and col-

lect their grayscale values to obtain a 1D angular intensity
sequence for quantifying residual blur.

1. The disk center is manually annotated. A sampling circle
of radius R/2 (with R the disk radius) is drawn.

2. Let pg denote the intersection between the sampling cir-
cle and the black—white boundary. We shift py counter-
clockwise by 7/12 to align the sampling origin with the
center of a black sector.

3. Start from pg, we uniformly sample KX = 3600 points
along the circle. Let 6 € [0, 27) be the angular coordi-
nate, yielding the grayscale sequence:

9(0r), k=1,... K. (12)
4. Each transition between two adjacent color sectors spans

A® = m/6. For every such interval, we fit a sigmoid
function to model the edge transition:

A
S(0) = 1+ exp[—(ad +b

+ mins 13
e 13)



where A = giax — gmin- Parameters (a, b) are estimated
using Levenberg—Marquardt optimization [57, 58] (10k
iterations).

Blurred Edge Width (BEW). For each fitted sigmoid
function, we compute its blurred edge width (BEW) using
the 10%—90% intensity transition in the angular domain:

5(910) = Ymin + OlAa 5(990) = Gmin + OQA, (14)

BEW = 0o — 610. (15)

Mean Relative BEW. To normalize the blur level across
the transitions between different color sectors, we divide
each BEW computed from the deblurred image by the cor-
responding BEW measured from the static reference image:

BEW,; = —— (16)

where ¢ indexes the i-th color-transition edge on the disk,
and rBEW denotes the relative BEW. The final metric is the
mean relative BEW (Mean-rBEW) over all color-transition
edges:

Mean-rBEW — — XN: BEW (17)
ean-r = — r i
N i=1

Lower Mean-rBEW indicates sharper transitions and
therefore higher-quality deblurring relative to the physically
sharp reference.

Performance Boundary Visualization. For each expo-
sure duration and rotation speed, we compute the Mean-
rBEW and plot the corresponding curves in Fig. 9. Ana-
lyzing these curves, we observe that under the same illumi-
nation and exposure time, a higher rotation speed leads to a
larger Mean-rBEW after deblurring, indicating that stronger
initial blur makes the deblurring task more challenging.
On the other hand, the Mean-rBEW-rotation-speed curves
across different exposure durations show no pronounced
differences, suggesting that our method is highly robust to
varying exposure times and illumination conditions.

We establish this evaluation protocol and will release
the real-captured quantitative dataset as a CVS deblurring
benchmark, with the aim of providing an effective and prac-
tical metric for real-world deblurring assessment.

6.6. Full Generalization Results

In Fig. 10, we present over 100 blur—deblur pairs cov-
ering continuous exposure times, diverse indoor and out-
door scenes, both camera and object motion, and a wide
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Figure 9. Performance boundary visualization using the rotating-
disk benchmark. (a) 1D angular intensity sequence sampled along
the disk, together with the corresponding sigmoid fitting results,
shown for one example configuration (600 rpm, 900 lux, 6,600 ps
exposure). (b) Mean Relative BEW versus rotation speed under
different illumination levels.

range of linear and nonlinear blur patterns. The re-
sults demonstrate our method’s stable color fidelity, ac-
curate structural restoration, and strong real-world gen-
eralization. Each example corresponds to a short multi-
frame video clip, with the full demonstrations provided in
100_real_demos.mp4.
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