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Figure 1. Unblur-SLAM results. Our SLAM-approach integrates both a feed-forward deblurring and rerendering-based test-time refine-
ment effectively. The latter one estimates a local point spread function, which enables our method to handle multiple sources of blur,
demonstrating excellent performance for both motion and defocus blur. While previous blur-aware SLAM approaches typically assume all
input frames to be blurry and are thus significantly slower than regular SLAM methods, Unblur-SLAM detects the amount of blur in the
input frame and skips the costly refinement for sharp frames.

Abstract

We propose Unblur-SLAM, a novel RGB SLAM pipeline for
sharp 3D reconstruction from blurred image inputs. In con-
trast to previous work, our approach is able to handle differ-
ent types of blur and demonstrates state-of-the-art perfor-
mance in the presence of both motion blur and defocus blur.
Moreover, we adjust the computation effort with the amount
of blur in the input image. As a first stage, our method uses a
feed-forward image deblurring model for which we propose
a suitable training scheme that can improve both tracking
and mapping modules. Frames that are successfully de-
blurred by the feed-forward network obtain refined poses

and depth through local-global multi-view optimization and
loop closure. Frames that fail the first stage deblurring are
directly modeled through the global 3DGS representation
and an additional blur network to model multiple blurred
sub-frames and simulate the blur formation process in 3D
space, thereby learning sharp details and refined sub-frame
poses. Experiments on several real-world datasets demon-
strate consistent improvements in both pose estimation and
sharp reconstruction results of geometry and texture.1

1The code and dataset are open-sourced at https://github.com/
SlamMate/Unblur-SLAM.git
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1. Introduction

The estimation of high-quality 3D reconstructions from a
sequence of images in an online setting using Simultaneous
Localization and Mapping (SLAM) has been a long-studied
topic and has numerous applications in robotics, construc-
tion, mixed reality, and autonomous driving.

The vast majority of SLAM methods only work well
when a number of assumptions are met, e.g. static scenes,
good lighting, sharp input frames, suf�cient image over-
lap. In this paper, we study the SLAM problem for scenar-
ios in which the input frames can be substantially blurred.
Several traditional SLAM methods that rely on image fea-
tures [4, 7, 36] fail on blurry inputs because corner-like
features can no longer be found. To avoid the drawbacks
of feature-based methods, a lot of subsequent research fo-
cused on denser approaches for both tracking and map-
ping [11, 12, 19]. Recent methods based on 3D Gaus-
sian Splatting (3DGS) can produce even higher �delity ren-
derings [14, 16, 32, 44, 55, 58], and due to their �exi-
bility in optimizing surface positions, compared to Neu-
ral Radiance Field-based methods [18, 33, 35], they are
much faster in combination with slightly better accuracy.
The recent online 3DGS-based SLAM approaches Splat-
SLAM [44] and HI-SLAM2 [60] attempt to integrate the
advantages of frame-by-frame approaches by incorporating
loop closure detection, global bundle adjustment, and de-
formable 3D Gaussian maps. With the rise of 3D founda-
tion models equipped with abundant 3D spatial prior knowl-
edge [25, 47, 51], their SLAM variants effectively leverage
this knowledge [28, 30, 37] to achieve robust but slightly
less precise reconstructions.

While image blur is a common phenomenon degrad-
ing the image quality due to rapid camera motion or scene
changes, none of these works explicitly handle blurry in-
puts, relying only on multi-view optimization and loop clo-
sure detection to reduce the impact. Recent deblur meth-
ods [3, 40, 46, 52] have achieved good results by explicitly
modeling physical motion and defocus blur, and attempting
to learn sharp details from blurry inputs. However, they
have many limitations, e.g. the SLAM methods in these
works [3, 52] mostly focus on simple motion blur, limiting
the further development of their performance.

The proposed Unblur-SLAM method aims to further im-
prove localization and high-�delity reconstruction accuracy
in more realistic blur scenarios, while addressing the lim-
itations of the aforementioned methods. It combines ex-
plicit and implicit approaches to handle image blur. First,
we preliminarily process real blur using the deblur founda-
tion model through our proposed training method. Then, we
reduce the impact of blurry frames on the system through
multi-view optimization and loop closure detection, and es-
timate pixel-wise blur kernels through an MLP network and
historical information. When the deblur network fails, we

render multiple blurry sub-frames in 3D space by the MLP
network and the global 3DGS [18] model. Sharp frames
will be identi�ed and jointly optimized with other frames
for 3DGS reconstruction. As shown in Figure 1, our system
exhibits excellent deblurring effects. We make the follow-
ing contributions:

• We propose the �rst SLAM method capable of simul-
taneously handling defocus blur and motion blur. Us-
ing multi-scale blur kernels estimated via additional MLP
layers, after processing by a deblurring neural network,
we can handle various blur types.

• We develop an automatic method to detect the amount of
blur in the input frame, treat sharp and blurry frames sep-
arately, and skip the costly re�nement for sharp frames.
This is in comparison to all previous blur-aware SLAM
approaches that assume all input frames to be blurry.

• We integrate a single-image deblur feed-forward model
into a high-�delity reconstruction SLAM system, achiev-
ing 3D consistency through our proposed training
method, thereby bringing continuous improvements to
both SLAM tracking and reconstruction modules.

• We propose a robust online deblurring method based on
3D Gaussians. The method performs initial blur removal
based on a feed-forward model and conducts further blur
removal and detail enhancement using multi-view blur
kernel learning. Meanwhile, the method incorporates
loop closures and online Gaussian deformation to further
enhance accuracy. The method achieves state-of-the-art
performance on multiple datasets. Code will be released.

2. Related Work

Neural Network-Based Deblurring Methods. Single-
frame image deblurring networks achieve superior restora-
tion quality through problem-tailored architectures. For
motion blur tasks, Transformer-based methods including
Chen et al. [5] and LoFormer [31] enhance detail recov-
ery by decomposing motion patterns. However, these 2D
deblurring networks do not impose multi-view geometric
constraints and are prone to generating 2D noise. Mean-
while, these networks have prohibitively long computation
times and cannot perform online inference. In contrast, state
space models such as XYScanNet [26] and EVSSM [20]
adopt Mamba-based architectures to capture long-range de-
pendencies with linear complexity, thereby enhancing real-
time performance while maintaining good quality. These
networks do not impose physical constraints during train-
ing. Furthermore, these networks have not been evaluated
on images with high sensor noise [48] and heavy motion
blur [45] as common in SLAM settings.
Deblurring methods based on 3D Gaussians. 3D Gaus-
sian Splatting (3DGS) [17] can effectively utilize historical
information to model input image blur in a 3D-consistent
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manner based on its high-�delity dense mapping capabil-
ity. Similar to neural network-based deblurring work, these
approaches can be divided into two categories. The �rst
category only models motion blur. For example, BAD-
Gaussians [62] uses historical models to render the physical
imaging process of motion blur modeling, recovering ren-
dered sub-frame trajectories while jointly optimizing Gaus-
sian parameters. CoMoGaussian [24] re�nes the motion
modeling by using neural ordinary differential equations
to model continuous camera motion trajectories instead of
the previous discretized interpolation, and uses per-pixel
weights to perform weighted averaging of each sub-frame's
contribution to the �nal rendered blurry image rather than
directly averaging the sub-frames. These works often as-
sume that motion is captured under small aperture camera
settings with only motion blur. DoF-GS [53] represents an-
other category of works which models defocus blur through
a focus localization network. There are also methods that
model both types of blur through blur kernels, such as De-
blurring 3D Gaussian Splatting [21] and BAGS [40]. How-
ever, they are limited by kernel size and Gaussian count,
failing to handle extreme blur robustly. In contrast, the
blur in our system is preliminarily processed by a deblur-
ring neural network.

Deblurring SLAM Methods. In the SLAM �eld, ad-
vanced theories from of�ine deblurring 3D reconstruction
methods have been leveraged to construct online SLAM ap-
proaches with deblurring capabilities. MBA-SLAM [52]
adopts the motion blur modeling method based on BAD-
Gaussians [62] for online operation and combines it with a
motion blur-aware tracker. I2-SLAM [3] sets explicit vari-
ables for the image formation steps (white balance, expo-
sure time, camera response function) to adapt to appear-
ance changes in each frame, while also using sub-frames
to model motion blur. I2-SLAM [3] attempted to use de-
blurring neural networks to enhance performance, but failed
due to the 3D spatial inconsistency of single-image deblur-
ring networks. Similar to I2-SLAM, Deblur-SLAM [13]
further integrates local bundle adjustment and loop closures
for improved consistency. DAGS [42] builds upon this by
adding Gaussian-based deblurring awareness to output bi-
nary blur labels, unlike other works that assume all frames
are blurred. All these works assume that the camera oper-
ates with a small aperture without any defocus blur and they
cannot adapt their high computational effort to the amount
of blur in the input images. Since in practice many SLAM
datasets contain a mixture of motion blur and defocus blur,
as well as various ratios of sharp vs. blurry images, we de-
signed the �rst method to handle both types of blur and to
adapt the computation effort to the estimated amount of blur
in the input images for fast computation times.

3. Method

Unblur-SLAM assumes that real-world blur may have dif-
ferent sources: defocus blur occurs when light forms an
out-of-focus image on the camera plane, while motion blur
occurs through temporal integration of motion during ex-
posure. Under this assumption, we propose a physics-
constrained method to train a 3D-consistent single-image
deblur model to enhance the blur robustness of the Droid-
SLAM [49] tracker and the monocular depth estimation net-
work [10].

We classify input frames into three categories based on
blur detector scores: sharp frames, blurred frames with
failed deblurring, and blurred frames with successful de-
blurring. Sharp frames are directly processed through
Droid-SLAM for pose estimation and depth re�nement.
The 3D Gaussian representation is further re�ned using
sharp frames through online deformation and rendering op-
timization guided by the Splat-SLAM [44] loss function.
RGB frames with high blur scores where deblurring fails
are skipped by the tracker. These frames are optimized by
calculating photometric loss against motion-blurred frames
formed from averaging multiple sub-frames that are blurred
through the MLP layer. For successful deblurring cases,
the frame is processed through Droid-SLAM, and the map
representation is optimized using Gaussian deformation and
photometric and depth errors of the rendered blurry frame
modeled by the MLP layer. As shown in Figure 2, the blur
models are divided into two categories: one category uses
multiple blur sub-frames to optimize a photometric error
with the input image, while the other category uses a single
blurry rendered frame to compute the output image from the
previous deblur model.

3.1. Blur Quanti�cation and Recognition

As part of our pipeline, we dynamically detect which frames
are sharp and which are blurry. To identify the optimal blur
detector for this task, we constructed a comprehensive blur
detection benchmark consisting of real-world datasets and
two semi-synthetic blur datasets. The real-world data in-
cludes RealBlur [43] for motion blur, as well as DPDD [1]
and RealDoF [23] for defocus blur.

To construct the �rst semi-synthetic dataset, we apply
the Eden [61] video interpolation model to the ScanNet [9]
dataset to generate intermediate frames. We physically
model motion blur by averaging these interpolated frames in
linear color space, utilizing the middle frame as the ground
truth sharp reference. The second semi-synthetic dataset
combines sequences from the RED [39], GoPro [38], and
ReplicaBlurry [13] datasets, which are manually annotated
to remove frames with moving objects or inherent blur.

Using this benchmark, we evaluated 39 different im-
age quality metrics. We assessed them based on a custom
proxy measurement that calculates a consistency score de-
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Figure 2. Method overview. Unblur-SLAM robustly handles varying blur by adaptively categorizing images into sharp, blurry, and
heavily blurred levels (shown in different red shades). Since typically only a subset of frames is blurred, this improves both blur handling
and average runtime. Both tracking and mapping modules optionally leverage the deblurring network. The red mapping module optimizes
the 3DGS reconstruction using sliding-window (Eq. (14)) and global (Eq. (15)) losses, incorporating depth (Eq. (4)) and pose from the
blue tracking module.

rived from the metric's accuracy and effect size. Based on
our evaluation, ARNIQA [2] achieved the highest consis-
tency score and was selected as our default blur detector.
Detailed formulations regarding the blur synthesis and met-
ric evaluations are provided in the supplementary material
(Sec. 7.4).

3.2. Physics­constrained Deblurring Network

We impose additional physical constraints during the
dataset creation process to guide the network in learning
3D-consistent deblurring capabilities. First, according to
imaging principles, real-world motion blur is formed when
light hits the camera plane and undergoes a certain degree
of defocus based on focal length and then accumulates on
the exposure plane. In this case, the image forms multiple
trailing edges. That is, the image represents a video se-
quence over the exposure duration. The physical essence
of deblurring lies in restoring the image corresponding to a
speci�c moment during exposure. Real-world motion blur
formation follows the physical process:

B =
Z T

0

�
I(t) 
 K defocus

�
f; d(t)

� �
dt (1)

where B is the blurred image, I(t) is the latent sharp image
at time t, 
 denotes the convolution operation, Kdefocus is
the defocus kernel, and T is the exposure time.

We select the middle frame as the reconstruction target to
avoid ambiguity in motion direction [41]. However, the in-
herent misalignment in real-world motion blur datasets [43]
may lead the model to learn image sharpening instead of
accurately extracting the mid-exposure frame. To address

this, we adopt a two-stage training strategy: we �rst train on
the RED [39], GoPro [38], and ReplicaBlurry [13] datasets
(i.e. semi-synthetic datasets) to learn mid-exposure frame
extraction. We use multiple video frames from real-world
and synthetic environments to model motion blur, which al-
lows the model to learn the accurate positions of interme-
diate frames. The combination of synthetic and real-world
data enables it to achieve a certain degree of generalization
across different camera models. Subsequently, we �ne-tune
on the DPDD [1] defocus dataset to enhance robustness
against defocus blur. All datasets undergo inverse gamma
correction to maintain color constancy.

3.3. 3D Gaussian Splatting Representation

Following Splat-SLAM [44], we represent the scene as a
collection of 3D Gaussians G = fgig, where each Gaussian
gi is parameterized by:

gi(x) = exp
�

�
1
2

(x � � i)
T� �1

i (x � � i)
�

(2)

where � i 2 R3 is the mean position, �i 2 R3�3 is the co-
variance matrix decomposed as �i = R iSiS

T
i RT

i with rota-
tion Ri and scale Si , along with opacity oi 2 [0; 1] and color
ci 2 R3. The rendering projects 3D Gaussians onto the im-
age plane and blends them using alpha compositing:

C =
X

i2N

ci � i

i�1Y

j=1

(1 � � j); Dr =
X

i2N

di � i

i�1Y

j=1

(1 � � j) (3)

where � i = o i � g2D
i (x') represents the combined opacity

and 2D Gaussian density at pixel x', and di is the depth of
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Gaussian center.
When Droid-SLAM performs multi-view depth opti-

mization, we accordingly deform the Gaussian representa-
tion. Given a depth update from d to d' at pixel coordinate
(u; v) in keyframe K, we update the mean position of af-
fected Gaussians:

� i' = � i +
d' � d

d
(� i � t K) (4)

where tK is the camera center of keyframe K. This deforma-
tion ensures the Gaussian map remains consistent with the
optimized geometry.

3.4. Complex Blur Modeling

For successfully deblurred frames, we adopt the Blur Pro-
posal Network (BPN) from BAGS [40] to model residual
blur. BPN estimates per-pixel convolution kernels h(x) 2
RK�K and masks m(x) 2 [0; 1]:

Cout(x) =
�
1 � m(x)

�
C(x) + m(x)

�
C(x) 
 h(x)

�
(5)

where C is the sharp rendered image. For frames with failed
deblurring, we render multiple sub-frames and apply BPN
to each, discretizing the temporal integration in Eq. (1):

B �
1

Nsub

N subX

j=1

BPN(Ij ; hj ; mj) (6)

3.5. Hybrid Bundle Constraint

We use deformable Gaussians to update the depth propa-
gated from the front-end tracker during loop closure and
multi-frame optimization, while simultaneously updating
each camera's pose. Meanwhile, frames are categorized as
sharp if the blur detection metric [2] is below a pre-de�ned
threshold �sharp, otherwise as blurry. For blurry frames, we
apply the physics-constrained deblurring network and eval-
uate success using both Laplacian ratio and blur quanti�ca-
tion metric. Successful deblurring is determined when the
combined metric exceeds the threshold �success.
Sharp frame optimization. Sharp frames receive higher
optimization weights wsharpto provide strong priors:

Lsharp= w sharp

�
� rgb(jjI rendered� I obsjj1)

+ � depthjjD rendered� D obsjj1

� (7)

Multi-scale Blurry frame optimization. Successfully
deblurred frames undergo multi-scale optimization without
pose updates. We progressively optimize from coarse to
�ne scales s with exposure compensation, where as

exposure
and bsexposureare learnable af�ne scale and shift parameters
for the current scale s:

Is
adjusted(x) = exp(as

exposure) � I s
rendered(x) + b s

exposure (8)

The multi-scale loss combines RGB and depth terms with
appropriate masking to handle boundary regions and in-
valid depth values. For each scale s, the Blur Proposal Net-
work (BPN) from BAGS [40] learns depth-aware kernels to
model residual blur and enhance details:

Is
out(x) =

�
1 � m s(x)

�
Is
adjusted(x)

+ m s(x)
�
Is
adjusted(x) 
 h s(x)

� (9)

where hs(x) 2 R Ks�K s is the per-pixel convolution kernel
and ms(x) 2 [0; 1] is the blending mask.

The kernel hs(x) adapts based on the rendered
depth D(x), effectively performing depth-dependent detail
restoration:

hs� x; D(x)
�

= h s
deblur

�
D(x)

�
+ �(D(x))�h s

sharpen

�
D(x)

�

(10)
where hsdeblur removes residual blur and hs

sharpen enhances
edges, with �(D(x)) being a learnable depth-dependent
factor. For distant regions with larger depth values, the
kernel provides stronger enhancement to compensate for
angular resolution limitations and depth-dependent degra-
dation. This enhancement remains physically plausible
through multi-view consistency in our bundle adjustment.

Unlike BAGS [40], which requires a warm-up phase,
we directly optimize each frame without initialization
stages. Rather than employing Mip-Splatting [57] for multi-
resolution consistency, we adopt direct image rescaling.
The multi-scale loss combines RGB and depth terms with
BPN modeling and appropriate masking to handle bound-
ary regions and invalid depth values:

Ls
deblur =� rgbkIs

out � I s
obsk1 + � depthjjD s

out � D s
obsjj1

+ � sparsekmsk1
(11)

where kmsk1 represents the L1 norm of the mask over all
valid pixels x. where the sparsity constraint on ms ensures
selective enhancement only where bene�cial, preventing
over�tting to sensor-speci�c noise patterns. The Ds

out and
Is
out denote the depth and image outputs from BPN (Eq. (6))

at scale s and the Different from of�ine reconstruction, we
set the mask to 0 for insuf�ciently reconstructed regions
in online reconstruction, preventing overly large or small
masks from affecting the inference. This enhancement im-
proves perceptual quality but may decrease pixel-wise met-
rics such as PSNR.
Heavy blurry frame optimization. For failed deblurring,
we employ virtual camera trajectory optimization. We gen-
erate Nsubvirtual cameras along the blur trajectory, each pa-
rameterized by (Rk; tk; � k; � k). The composite blur model is
applied to each rendered sub-frame, and the averaged result
is compared with the blurred observation. We evaluate the
rendering errors for RGB Is and depth Ds images at scale s.
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Reference BAD-GS DeblurringGS BAGS CoMoGaussian Ground Truth Ours
Figure 3. Deblurring performance of our method when compared to other state-of-the-art of�ine methods.

First, we synthesize the blurred approximationQ̂
s
:

Q̂
s

=
1

Nsub

NsubX

j=1

BPN(Qs
j ; hs

j ; ms
j ) (12)

The failure loss is then calculated as:

Lfail =
X

Q2fI s;Dsg

� QkQ̂
s
� Q s

obsk1 + � sparsekmsk1 (13)

where Qs
j and Qs

obs denote the rendered sub-frames (color
or depth) and the observed input frame. Other terms are
de�ned in Eq. (6) and (11).
Bundle adjustment. Joint bundle optimization is per-
formed across all frame types with adaptive weighting:

Ltotal =
X

f2F

wfLf (14)

where Lf is the frame-speci�c loss term, which equals Lsharp

for sharp frames, or Lsdeblur / Lfail for blurry frames. The
wsharp > w deblur = w fail to prioritize sharp observations.
Unlike Splat-SLAM's [44] selective keyframe �ltering, we
incorporate all tracker keyframes as backend optimization
keyframes to fully leverage deblurring results.

3.6. Global Optimization and Loop Closure

Following Splat-SLAM [44], we maintain global consis-
tency through the following three main paradigms.
. Local bundle adjustment optimizes within a sliding
window of recent keyframes using the Disparity, Scale, and
Pose Optimization (DSPO) layer.
. Loop closure detection identi�es revisited locations
through optical �ow magnitude thresholding and temporal
constraints.
. Global bundle adjustment periodically optimizes the
entire pose graph with appropriately deformed Gaussians:

Lglobal =
X

f2F

wfLf + � reg

NX

i=1

ksi � �sk1 (15)

(a) Droid-SLAM (b) Ours
Figure 4. Trajectory comparison with Droid-SLAM on the in-
door MCD dataset [45].

where wf are frame-speci�c weights prioritizing sharp ob-
servations, and the regularization term with �reg > 0 pre-
vents largely elongated Gaussians.

3.7. Final Re�nement

Upon trajectory completion, we perform �nal optimiza-
tion with multi-scale progressive re�nement, re-estimating
poses and exposure parameters for failed deblurring frames
while maintaining global consistency for all other frames.

4. Experiments

Datasets. To evaluate our method under extreme mo-
tion blur conditions, we use a synthetically blurred Repli-
caBlurry [13] dataset generated by (Sec. 3.1) and ArchViz
dataset generated by the Unreal game engine[27]. We also
test our method on real-world TUM-RGBD [48] and In-
doorMCD [45] datasets to assess performance under differ-
ent camera conditions with handheld devices and wheeled
platforms. To measure the deblurring quality of our method,
we further evaluate using the Deblur-NeRF [29] dataset,
which is commonly used for of�ine deblurring methods.
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