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Robust scene deblurring and reconstruction with event cameras and 3DGS

Fan Yue, Lu Taoyu, Wang Yiqun
School of Computer Science, Chongqing University, Chongging 400044, China

Abstract: Objective In the tasks of 3D scene reconstruction and novel view synthesis, neural radiance fields (NeRF)
stands as a landmark advancement in this field. It significantly drives the development and evolution of neural rendering-
based 3D scene reconstruction methods. Moreover, 3D Gaussian splatting (3DGS) has emerged as a simple yet computa-

tionally efficient approach, thereby gaining recognition for its fast training and rendering capabilities. However, these

methods typically operate only under ideal input conditions and often struggle to handle motion blur a critical issue,
given that motion blur in input images severely degrades rendering quality. Some existing methods attempt to address this
issue by employing trainable parameters or models during reconstruction to predict the trajectory of camera motion blur.
Nevertheless, this predictive approach fails to reflect the real trajectory of camera movement accurately, thereby limiting
the accuracy of 3D scene reconstruction. Other methods integrate deblurring models with the 3DGS framework to accelerate

model training and rendering speeds. Regrettably, these methods suffer from quality degradation issues, such as artifacts

when rendering novel views, because of the risk of model overfitting during training. This study proposes a novel method
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that fuses event camera data with the 3DGS framework to overcome the limitations of the aforementioned approaches.
Method An event camera triggers event responses only when the pixel brightness changes beyond a preset threshold,

thereby enabling it to capture the instantaneous motion trajectories of objects and subtle brightness fluctuations in dynamic

scenes accurately. The proposed method fully leverages the unique advantage of event cameras microsecond-level high
temporal resolution. For the sequential grayscale images output by the model, the method designs an event bin calculation
module: first, it divides the grayscale image sequence at fixed time intervals and defines the time window corresponding to
two consecutive frames as an event bin unit. Subsequently, it counts the number of events triggered by brightness changes
for each pixel within this unit, thereby generating event bin data predicted by the model. The method further introduces
real event bins as supervision signals to ensure the effectiveness of event information supervision. Real event bins are con-
structed using synchronously collected raw event camera data, and the pixel-level L2 error between the predicted event bins
and the real event bins is calculated. Then, this error is incorporated into the model’ s loss function. This supervision
mechanism forces the model to learn the laws of the continuous blurring process at high temporal resolution, thereby avoid-
ing traditional methods’ problem of losing details of dynamic processes because of reliance on discrete frame images. The
information loss of traditional frame images in dynamic scenes can be compensated by combining the event bin calculation
module with the 3DGS framework , thereby providing rich spatiotemporal constraints for deblurring reconstruction. Second,
the method innovatively introduces a Gaussian shape attribute transformation network , which establishes a prediction and
adjustment mechanism for attributes such as scaling and rotation of each 3D Gaussian primitive in the 3DGS framework.
During the model training phase, this transformation mechanism achieves dynamic optimization of Gaussian primitives
through iterative adjustments: after each training epoch, the parameters of all Gaussian primitives are updated based on the
transformation attributes predicted by the network, gradually correcting the deviation between the initial Gaussian primi-
tives and the real scene structure. This approach effectively prevents the Gaussian model from overfitting to the training
views. During the rendering process, these transformation attributes can dynamically adjust the spatial distribution of 3D
Gaussian primitives in real time, thereby allowing the Gaussian primitives to conform to the motion states and geometric
structures of dynamic objects in the scene. As a result, the constraints of the original view data on the model are broken,
and the degradation of rendering quality caused by geometric mismatches is avoided when switching to novel views.
Result Experimental results demonstrate the superiority of the proposed method. On synthetic datasets, it outperforms the
existing methods in terms of peak signal-to-noise ratio, structural similarity index, and learned perceptual image patch
similarity. This finding indicates a significant reduction in image noise and blur, and the rendered results exhibit structural
information (such as edges and textures) that is highly consistent with real scenes. On real-world datasets, the method
achieves a substantial reduction in the blind/referenceless image spatial quality evaluator value, thereby fully verifying the
method’ s deblurring capability in real and complex scenarios. Compared with NeRF-based methods, the proposed method
reduces the training time from 48 h to less than 1 h (representing an approximately 50-fold improvement in training effi-
ciency) and achieves a real-time rendering speed of 140 frames/s. Conclusion Comprehensive experimental results confirm
that the proposed method addresses the shortcomings of existing neural rendering-based deblurring reconstruction tech-
niques in novel view generalization ability. It also achieves dual improvements in image clarity and computational effi-
ciency through innovations in data fusion and network structure. This method provides a practical technical solution for
high-fidelity and real-time reconstruction of dynamic scenes.

Key words: event camera; 3D Gaussian splatting(3DGS) ; deblurring; 3D reconstruction; novel view synthesis
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Fig. 2 Comparison results of synthetic dataset rendering
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Table 1 Rendering results on synthetic dataset

. chair ficus hotdog
Jitk
SSIM PSNR/dB LPIPS SSIM PSNR/dB LPIPS SSIM PSNR/dB LPIPS
E2NeRF 0.96 31.54 0.05 0.91 25.51 0.12 0.96 33.63 0.07
3DGS 0.90 24.32 0.12 0.86 22.82 0.14 0.90 27.18 0.14
E2GS 0.97 31.27 0.05 0.92 25.64 0.11 0.96 32.71 0.07
DeblurGS 0.93 27.78 0.07 0.83 18.45 0.16 0.57 12.42 0.41
AR 0.97 31.90 0.05 0.92 26.33 0.10 0.96 31.67 0.07
LEGO materials mic
Tk
SSIM PSNR/dB LPIPS SSIM PSNR/dB LPIPS SSIM PSNR/dB LPIPS
E2NeRF 091 28.11 0.12 0.93 27.81 0.08 0.93 27.08 0.08
3DGS 0.78 22.02 0.18 0.81 20.10 0.20 0.87 19.76 0.17
E2GS 0.93 28.49 0.09 0.93 28.65 0.08 0.93 27.68 0.08
DeblurGS 0.89 26.98 0.09 0.78 17.44 0.20 0.82 16.30 0.38
A 0.93 28.84 0.09 0.93 27.86 0.08 0.93 27.71 0.08

T IO SRR 5 8 B A2 2R

TERZE G s S TR ARER (U LEGO 1
toys UM e RS vk e o X — S5 R — Lk T
LRy HERS SR = & S S NE =R 2= I E R
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2.3 HMBELERSW

T 3DGS HEBL Y E2GS )5 A7 15— B 2% 1A
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WFFESIA T LS F,, 12 26308 1o T30 3D g 37 114 22 o
JEME (g e A8 Ak Ar AR EEAS AL As ) , A BGEE G T

%7 ETHIEEEL AR 3D (e W AE 2 (8] TR oA 4G S s O BE R R H BHRIR
Table 2 BRISQUE comparison results real Mﬁﬁ%% T ﬁ?ﬂ%}m% °© lzl 4 *H%:z 3 %%U%ﬁ_\‘ T 12

datasets rendering
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Fig.3 Comparison results of rendering of real datasets
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Y
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X .
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TE I TR RN BB e 4 2R Fig. 4 New perspective rendering comparison results
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Table 3 Novel-view rendering results

chair ficus hotdog
Jitk
SSIM PSNR/dB LPIPS SSIM PSNR/dB LPIPS SSIM PSNR/dB LPIPS
E2GS 0.72 16.69 0.37 0.89 24.27 0.21 0.95 30.62 0.08
A 0.97 30.87 0.05 0.92 25.23 0.10 0.96 31.49 0.07
LEGO materials mic
ik
SSIM PSNR/dB LPIPS SSIM PSNR/dB LPIPS SSIM PSNR/dB LPIPS
E2GS 0.73 17.82 0.32 0.78 18.49 0.31 0.81 19.65 0.29
A 0.93 28.76 0.09 0.93 26.81 0.08 0.93 26.64 0.08

T L P SRR 5 8 R A2 2R

2.4 IZEtE SELRE

I S5 7E RTX4090 - X B4 42 0 47 Y1 2 A i
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7N AH T E2NeRF J7 i, V- 2431 ZRib] ] M 48 h 4 95
%230 min, HSZEE T 140 Mi/s 1Y S Y 5

R4 gatE 58 REERT

Table 4 Comparison training time and rendering speed

Tk YRR ] T e B2 /(s
E2NeRF 48 h 0.04
DeblurGS 45 min 100
E2GS 30 min 140
AL 30 min 140

E RS R 2 5 B A4 2R
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Fig. 5
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The impact of modeling with or without observation
perspective on the rendering of the model from

a new perspective
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Table 5 Impact of viewpoint modeling on novel view rendering

chair ficus hotdog
Jrik
SSIM  PSNR/IB  LPIPS SSIM  PSNR/IB  LPIPS SSIM  PSNR/IB  LPIPS
TeIREEAAA (F jwlov) 0.95 28.73 0.06 0.90 24.35 0.12 0.96 31.01 0.08
WA (A 30) 0.97 30.87 0.05 0.92 25.23 0.10 0.96 31.49 0.07
LEGO materials mic
Tk
SSIM  PSNR/IB  LPIPS SSIM  PSNR/AB  LPIPS SSIM PSNR LPIPS
TEIREER A (F ywlov) 091 26.32 0.11 0.91 24.09 0.13 0.92 23.76 0.11
HMELM A (A0 0.93 28.76 0.09 0.93 26.81 0.08 0.93 26.64 0.08
IR R IR S 5 e A 3R
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