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ExFMan: Rendering 3D Dynamic Humans with Hybrid Monocular

Blurry Frames and Events

Kanghao Chen, Zeyu Wang, and Lin Wang

Abstract—Recent advances in neural rendering have enabled
the 3D reconstruction of dynamic humans from monocular
videos, with applications in robotics. However, it is still chal-
lenging to reconstruct clear humans from in-the-wild video
encountering motion blur, causing shape and appearance incon-
sistencies, especially in blurry regions like hands and legs. In this
paper, we propose ExFMan, the first neural rendering framework
that unveils the possibility of rendering high-quality humans in
rapid motion with a hybrid frame-based RGB and bio-inspired
event camera. The “out-of-the-box” insight is to leverage the
high temporal information of event data in a complementary
manner and adaptively reweight the effect of losses for both
RGB frames and events in the local regions, according to the
velocity of the rendered human. This significantly mitigates the
inconsistency associated with motion blur in the RGB frames.
Specifically, we first formulate a velocity field of the 3D body in
the canonical space and render it to image space to identify the
body parts with motion blur. We then propose two novel losses,
i.e., velocity-aware photometric loss and velocity-relative event
loss, to optimize the neural human for both modalities under the
guidance of the estimated velocity. In addition, we incorporate
novel pose regularization and alpha losses to facilitate continuous
pose and clear boundary. Extensive experiments on synthetic and
real-world datasets demonstrate that ExXFMan can reconstruct
sharper and higher quality humans over the compared baselines
and the state-of-the-art methods for diverse blurry subjects.

Index Terms—Sensor Fusion, Modeling and Simulating Hu-
mans, Visual Learning.

I. INTRODUCTION

IGITAL modeling of humans holds great potential for
applications in virtual reality and robotics, where human
models serve as intuitive interfaces. Rendering humans from
monocular videos has gained attention due to the widespread
availability of the data and their use in complex scenes [1].
Recent works [2], [3], [4] have focused on learning dynamic
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Fig. 1. Dynamic human motion often induces severe blur in videos, com-
plicating the optimization process. Left: Data capture system. Top row: The
baseline method optimizes only on RGB, ignoring motion blur, leading to
blurry rendering. Bottom row: Our method integrates both RGB and event
data in a novel pipeline, producing high-quality rendering.

humans by deforming neural radiance fields (NeRF) [5] and
3D Gaussian splatting (3DGS) [6]. While these methods excel
in controlled environments with ideal conditions, they struggle
in in-the-wild scenarios with free-form human actions and
varying lighting. Motion blur, common in such settings, de-
grades the quality of affected regions, causing inconsistencies
during body optimization (see Fig. 1(top)).

Therefore, it is imperative to reconstruct 3D dynamic hu-
mans from the in-the-wild monocular blurry video; however,
this task is non-trivial for a key reason — inconsistency of
human shape and appearance. Existing methods [1], [7]
optimize the dynamic human in a single static canonical space
and deform it to fit multiple frames, which essentially relies
on the underlying assumption of consistency of overall frames.
Although some methods [8], [9], [10] reconstruct NeRF from
blurry frames, they mainly focus on the general scene and
only consider the blur from camera shift or defocus. This
renders it difficult to apply them to reconstruct dynamic
humans directly. To our knowledge, no prior work has directly
addressed the challenge of rendering dynamic humans
Jfrom the monocular blurry video. A naive solution is to
combine the video deblurring methods, e.g., MPR [11] with
the human rendering methods, e.g., HumanNeRF [1] based on
the deblurred frames in a two-stage manner. However, such
a solution heavily relies on deblurring methods, which suffer
from limited generalization capability across different scenes
and often fail with complex motion. Consequently, it leads to
error-prone appearance and shape in the rendered humans, as
demonstrated in Fig. 4.

Event cameras are bio-inspired sensors that capture per-
pixel intensity changes asynchronously. Recently, they are
becoming popular for their distinct advantages, e.g., high
temporal resolution and high dynamic range (HDR). Accord-
ingly, event cameras have been applied to tasks like video
deblurring [12], [13], [14] and low-light enhancement [15],
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[16], [17]. They have also been leveraged to capture 3D human
motion [18], [19] or estimate the human pose and shape [20],
[21], by leveraging the advantages of event data.

In this paper, we explore a promising direction of rendering
3D dynamic humans with hybrid monocular blurry RGB
frames and events. Intuitively, we introduce ExFMan, the first
neural rendering framework that can render dynamic humans
with high-quality appearance under diverse blur conditions.
Our method can achieve high-quality novel view synthesis, as
depicted in Fig. 1 (bottom). The key insight is to leverage
the high temporal information of events in a complementary
manner and adaptively reweight the effect of losses for both
RGB frames and events in the local regions, according to the
velocity of the rendered human. This significantly mitigates
the inconsistency associated with motion blur in the RGB
frames. To achieve this, we first formulate a velocity field
of a 3D body within the canonical space, which is then
deformed and rendered to the image space to identify the
body regions with motion blur (Sec. III-B). Based on the
estimated velocity, we propose two velocity-based rendering
losses to facilitate the joint optimization for both modalities
(Sec. II-C). Specifically, a velocity-aware photometric loss
is designed by representing the rendered color through a
Gaussian distribution, with the velocity score representing the
variance. This approach directly diminishes the impact of the
blurry regions, thus preserving the consistency of the human
body across video frames. The body regions (e.g., hands, legs)
that always exhibit motion blur are not adequately optimized
by the proposed photometric loss. Therefore, we apply addi-
tional supervision by designing a velocity-relative event loss
for these under-constrained regions. Regarding the velocity
as prediction uncertainty, the novel event loss optimizes the
high-velocity regions by anchoring them to regions with lower
velocity. Additionally, we incorporate the pose regularization
and velocity-based alpha loss to facilitate the continuous pose
and clear boundary (Sec. III-D).

Our contributions can be summarized as follows: 1) We
introduce the first method for rendering dynamic humans
in rapid motion using hybrid monocular blurry RGB frames
and sparse events 2) We propose a novel framework with
an event-oriented, blur-aware velocity field and two velocity-
aware rendering losses. 3) We unveil ExFMan with significant
superiority on existing datasets.

II. RELATED WORK

Neural Rendering for Human Reconstruction. Following
the advent of Neural Radiance Fields (NeRF) [5], signifi-
cant progress has been made in high-fidelity rendering for
static scenes [23] and moving subjects [24], [25]. Recent
advances have applied NeRF to human reconstruction in di-
verse scenarios, including monocular video [1], [26], rendering
efficiency [27], [28] and animation [7]. Our work follows
HumanNeRF [1], known for its excellent rendering from
monocular video. HumanNeRF uses a static T-pose as the
canonical model and applies a deformation mapping [29]
to adapt it to the observation space of each video frame
(details in Sec. III-A). Recently, the 3D Gaussian splitting

(3DGS) [6] has gained attention for balancing real-time render-
ing with photorealism. The field of 3D Gaussian-based avatar
reconstruction [4], [30], [31] has rapidly developed, becoming
a vibrant research area. However, previous works typically
rely on clean training data, assuming well-designed human
motion in monocular videos without motion blur, which
hinders performance in real-world scenarios. This limitation
persists regardless of the representation used (see Fig. 4). In
contrast, our approach models the velocity field to localize
blur degradation and render dynamic humans from monocular
blurry frames using novel rendering losses.

Deblurring NeRF/3DGS. Various methods [32], [8], [33]
have adapted NeRF/3DGS to generate sharp outputs from
blurry inputs. Deblur-NeRF [8] was the first to address de-
blurring within NeRF without requiring clear images during
training, using a compact multi-layer perception (MLP) to
estimate a per-pixel blur kernel. Deblur-GS [33] applies cam-
era motion deblurring to 3D Gaussian scene representations.
However, these methods primarily target static scenes and
address blur from camera shifts or defocus. Additionally,
recent works [34], [35], [36], [10], [37], [38] have also
leveraged event cameras, which are more robust to motion
blur, to optimize NeRF/3DGS. Differently, we are the first
to explore event cameras as guidance for rendering dynamic
humans in diverse blurry scenes. Unlike prior methods that
roughly integrate RGB and event data, our approach uses
both modalities in a complementary manner, tailoring them
to human modeling.

Video Deblurring. Deblurring remains a challenging prob-
lem in image restoration due to its ill-posed nature. Recent
approaches [39], [40], [41] leverage large datasets of blurry
and sharp image pairs for supervised learning. Event-based
methods [12], [13], [42] have also been explored for mo-
tion deblurring, capitalizing on the motion information in
events. For human reconstruction from blurry video, these
methods provide a two-stage baseline, deblurring first and
then reconstructing the 3D human. However, most methods
struggle with limited generalization across scenes and neglect
human-specific priors, often failing with complex motion.
Thus, applying them directly to our task leads to errors in
appearance and shape in rendered humans (see Fig. 4).

III. METHODOLOGY
A. Preliminaries and Background

HumanNeRF [1]. HumanNeRF extends NeRF to render hu-
mans from monocular video by modeling them as neural fields.
A dynamic human is first represented in a static canonical
space, then mapped to the observation space for each pose p.
The color ¢ and density o are modeled as:

© =T(z,p), (D
where F maps the point & in canonical space to color and den-
sity, and T maps the observation space point x to the canonical
coordinates @. Volumetric rendering is applied by aggregating
the color and density of the sampled points {z;} ; along the
ray r: C(r) = Eil T;a;c;, where T; = exp(— Z;;ll a;d;)
and o; = 1—exp(—0;0;) represent transmittance and alpha for
each sample x;, with §; being the interval between samples.

c7 o= F(:/t)7
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Fig. 2.

Event Representation. Events are triggered when intensity
changes at a pixel exceed a threshold, offering low latency and
high dynamic range. Let I,, , (¢) be the intensity at pixel (u, v)
at time ¢, and L,, ,,(t) its logarithm. An event with polarity p =
+1 is triggered when AL, ,,(¢) surpasses a threshold ©, where
polarity indicates the direction of the change. Following prior
work [35], [10], we define the integral of events at pixel (u, v)
over time interval (t;,t;] as: By ,(ti,t;) = D (tp)ti<i<t; P
which accounts for the effective number of events in this
interval. © is fixed and symmetric with respect to polarity.

B. Event-oriented Blur-aware Velocity Field

Consistency across frames is vital for accurate human
reconstruction, but motion blur often causes the mapping
network F to produce indistinct color and density, leading
to inconsistencies. To mitigate this, this module is proposed
to reduce the influence of blurry regions and refine them
with event data to recover details. Previous methods [43],
[44] deploy uncertainty estimation to detect transient regions
causing view inconsistency and ambiguity. They represent
the radiance values of a scene with a Gaussian distribution,
treating the predicted uncertainty as the distribution’s variance.
Minimizing the Gaussian distribution’s negative log-likelihood
leads to a scenario where a pixel with high uncertainty is
assigned with low influence in the reconstruction. Ideally,
pixels with motion blur should be allocated a high variance to
lessen their impact on the reconstruction. However, empirical
study reveals that the implicit uncertainty fails to precisely
characterize the regions with motion blur (Fig. 3.b). We con-
tend that the human representation with complex deformation
overfits the input blurry frames, yielding a lower uncertainty.

To address this issue, we explicitly formulate the uncertainty
related to human motion across the multi-frame context to
identify the motion blur. Intuitively, motion blur occurs when
the pixels observe multiple regions of humans during the expo-
sure interval. Theoretically, based on the human representation
in HumanNeRF [1], motion blur occurs when the canonical
point & corresponding to the observation point & moves in the
exposure interval. Thus, it is reliable to represent the motion
blur by employing the velocity of the canonical point & w.r.t

Velocity-Aware RGB Loss

Target Mask

Overview of our ExFMan: Since our method is based on a per-scene optimization pipeline, the inputs serve as supervision during the optimization
phase within the loss function. The RGB loss and Alpha loss incorporate RGB and event data, respectively. The Alpha loss uses the human mask, obtained
from the RGB data through an off-the-shelf segmentation model [22], while pose regularization relies on human poses extracted from events using an existing
pose estimation model [18].

timestamp t. The large velocity means that the observation
point moves fast in the canonical space, which naturally yields
motion blur. To achieve this, we formulate a 3D velocity field
for the human body in canonical space. As is shown in Fig. 2,
by modeling the pose as a function of timestamp ¢, the velocity
field v(x; t) can be directly calculated as the derivative of the

canonical point & w.r.t timestamp ¢,
ox  O0T(x,p(t
v(a:t) = 2o = M7 )
ot ot
where p(t) is realized using MLP to optimize continuous hu-
man poses. In practice, for convenience and fast optimization,

we employ finite differences to estimate derivatives:
v(w;t) = (T(x,p(t + At)) — T(z, p(t)) /AL, (3)
where At is a constant time interval.

As shown in Fig. 3 (Right), for the sampled observation
point x, deformation mapping T deforms it to canonical points
of &; and &; A¢ corresponding to time ¢ and ¢ + At respec-
tively. Additionally, we observe that although some regions
capture similar motion strength, they exhibit varying degrees
of blur. The direction of motion plays an important role in this
difference. Specifically, for the same motion strength, motion
perpendicular to the camera’s optical axis results in greater
blur than motion that is horizontal to the optical axis. When
projected onto the human surface to formulate the velocity
field, motion blur is mostly caused by motion with velocity
parallel to the human surface. To model this, we decompose
the initial velocity into normal and tangential components
relative to the surface and use the tangential component to
precisely represent the motion blur. Formally, we project the
velocity based on the unitary normal vector n of the nearest
vertice on the SMPL model [45] in the canonical space, as is
shown in Fig. 2 (red rectangle),

v(x;t) = projn(v(x;t)), 4)
where projn (v) = v— (v-n)n projects the vector v onto the
plane perpendicular to the normal vector n, where - indicates
the dot product. Finally, velocity V' (7;t) in the image space
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Fig. 3. Left: Comparison of velocity field implementations. (b) NeRF-W fails to capture meaningful velocity with implicit uncertainty. (c) Velocity without
surface projection highlights incorrect regions. Right: Illustration of velocity computation for human model in rapid motion.

is estimated via volumetric rendering,
P

Virit) = 3 Tagw(as b),
i=1

v(@i;t) = vo +log(1 + exp(||o(zi; 1)),

where vy ensures a minimum variance for all the field; || %
|| obtains the norm of the velocity vector. The effectiveness
with surface projection of Eq. 4 is illustrated in Fig. 3(d),
where the velocity V (r; t) effectively localizes the region with
motion blur. Without surface projection (Fig. 3(c)), the velocity
highlights the left arm, but it is less blurry than the right hand.
This reflects that the velocity on the left hand without surface
projection is mostly vertical to the surface.

®)

C. Velocity-Based Rendering Losses

Velocity-Aware Photometric Loss. Drawing inspiration from
NeRF-W [43], we also model the color rendering of a ray
using a Gaussian distribution C(r) ~ (C(r), 3%(r)), where
C(r) represents the mean and 3%(r) denotes the variance.
C(r) is determined with rendering result of HumanNeRF.
The variance 3%(r) is explicitly represented with the estimated
velocity map V' (r) in Eq. 5. Following NeRF-W and ActiveN-
eRF [44], we enhance the photometric loss by minimizing the
negative log-likelihood of the distribution of rays r from a
batch R,

C(r)—C(r
Lagp =3 I (2) (r)( I,
TER

where ¢ is omitted for simplicity, and C(r) denotes the ground
truth color of camera ray r. Given that V (r) is determined
explicitly through Eq. 5 rather than being learned implicitly, it
remains constant since we assume the estimated human pose
is precise and unchanged. Thus the V(r) can be excluded
from the second term of the objective function. Additionally,
following prior arts [1], [7] for human reconstruction, we also
employ a combination of MSE loss and LPIPS [46] loss.
Consequently, we define our velocity-aware photometric loss
as follows:

log V (r)
2 b

(6)

Lngs = 3 1€ = Cl

ren V() -
[1(C(p)) —M(Cp))l|
N P (R

where p is the sampled patch for the perception model M of
LPIPS, X is the weight balance coefficient.

Velocity-Relative Event Loss. While the velocity-aware pho-
tometric loss mitigates inconsistencies in regions affected by
motion blur, the regions (e.g. , hands) frequently subject to
such blur are always assigned high velocity and remain under-
constrained. Following previous works [35], [10], [47], the
event loss is based on the event integral to supervise the two
predicted frames corresponding to the sampled timestamps.
However, directly applying the event loss can lead to conflicts
in areas well-reconstructed with RGB frames, as noise is
often present in events. To address this, we introduce a novel
velocity-relative event loss to provide adaptive constraints for
these regions. The key idea is to apply a relative weight to the
event loss based on the velocity value, allowing for targeted
supervision of under-constrained regions using the information
from well-reconstructed regions.

Given a pixel (u,v), two moments {¢;,¢;} are randomly
sampled from in the exposure interval of a frame. We take the
difference of the predict colors {C},, Cy,} in the log domain
and divide it by the threshold ©. Then, an estimate of the

number of events between two frames for the pixel is obtained:
logCy, —logCl.

B\(Cy,, Cry) = ——1 50, )
where C, = C(r;,). For simplicity, the ray r corresponding
to pixel (u,v) is omitted. To effectively constrain regions
affected by motion blur, we introduce a velocity-relative event
loss by anchoring high-velocity pixels to those with low
velocity, as follows:

LE'vent = Z ﬂHﬁ>l||Eu,v(Cti7St(ctj)) - Eu,v(ti;tj)Hz
TeR

(1 - H5>1)||Eu7v(3t(cti)v Ctj) - Eu,v(tia tj)||2a
©))
where 3 = V;,/V;, and lg~; indicates if the 3 is > 1,
and st(x) stop the gradient of the regions with low velocity
for optimization. E denotes the ground true event integral.
While event data in our framework serves as a supplementary
modality to RGB, its utilization is reflected in two key aspects
of our approach. First, in Eq. 9, the timestamps ¢; and t;
are specifically adjusted within a smaller interval compared
to RGB frames, considering the high temporal resolution of
the event camera. This adjustment enables the optimization
of finer details, such as the textures of the human body in
motion. Second, event data also influences the optimization
of the pose network, assisting in the capture of continuous

_|_

|~
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TABLE I
QUANTITATIVE COMPARISON BETWEEN OUR EXFMAN AND RELATED METHODS ON THE ZJU-MOCAP [2] DATASET. WE COLOR CELLS THAT HAVE THE
BEST METRIC VALUES AND SECOND ONES. NOTE THAT LPIPS*=LPIPS x103.

Method Subject 377 Subject 386 Subject 387
PSNRtT  SSIMT  LPIPS*| PSNRT  SSIMt  LPIPS*| PSNRT  SSIMtT  LPIPS*|
Baselines HumanNeRF [1] 18.66 0.9463 58.50 22.92 0.9650 42.36 15.45 09111 113.87
MPR [11]-HumanNeRF [1] 19.05 0.9479 54.92 23.08 0.9657 40.68 19.74 0.9414 61.96
Rc]i)]z-bbliied MPR [11]-MonoHuman [7] 19.72 0.9510 54.86 23.16 0.9649 45.78 I 20.00 0.9428 59.78
MPR [11]-GauHuman [4] 20.42 0.9487 46.70 23.06 0.9585 41.01 20.30 0.9349 58.84
RGB+Event | D2Net [13]-HumanNeRF [1] 18.47 0.9452 59.51 22.31 0.9623 45.70 17.32 0.9279 78.73
Deblur EFNet [42]-HumanNeRF [1] 18.41 0.9445 55.88 20.66 0.9545 63.80 15.65 0.9088 112.61
Ours (ExFMan) 23.80 0.9676 3861 | 2472 0.9684 50.46 22.59 0.9493 65.08
Method Subject 392 Subject 393 Subject 394
PSNRT SSIM{ LPIPS*| || PSNRT SSIM{ LPIPS*| || PSNRT SSIM{ LPIPS*|
Baselines HumanNeRF [1] 16.51 0.9297 81.06 16.90 0.9250 82.41 17.36 0.9326 72.54
MPR [11]-HumanNeRF [1] 16.85 0.9318 78.07 18.11 0.9329 72.97 18.48 0.9387 65.92
R%liﬂ’liied MPR [11]-MonoHuman [7] 1844 09398 7321 | 1904 09379 6881 || 1943 09430 6379
MPR [11]-GauHuman [4] 18.12 0.9327 68.50 18.91 0.9285 68.03 19.74 0.9367 57.71
RGB+Event | D2Net [13]-HumanNeRF [1] 16.16 0.9263 85.79 16.76 0.9244 84.33 17.30 0.9308 75.55
Deblur EFNet [42]-HumanNeRF [1] 16.28 0.9267 80.32 16.99 0.9263 76.40 17.62 0.9337 67.37
Ours (ExFMan) 22.98 0.9600 5972 | 2220 0.9498 6698 || 22.62 0.9550 52.73
Blurry Frames & Events : HumanNeRF Morlz/c[i[]?l;nan Molfl];g:;an (E)?l:ll\l;lsan) Reference
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Fig. 4. Qualitative results of novel view synthesis in the ZJU-MoCap dataset [2].

poses through gradient back-propagation. This results in a
more precise estimation of the velocity field and contributes
to the effectiveness of our uncertainty-aware framework.

D. Optimization

Pose Regularization. To formulate the velocity as a function
of timestamp, the time-to-pose network is jointly trained with
the human. To incorporate the human prior to constrain the
pose network, we add the pose regularization,

Lpose = ||p(t:) — p(t:)]] (10)
where p(t) denotes the ground true pose from the frame
of the exposure timestamp ¢, which is obtained by manual
annotations or a pre-trained estimator (see Sec. IV).

Velocity-based Alpha Loss. Following NeuMan [26], we
apply regularization to ensure the accumulated alpha map
from the human model aligns with the detected human mask.
However, since the masks of blurry frames provided by the
matting model [22] are also blurred, directly optimizing with
them may introduce boundary ambiguity. To address this, we
extend the alpha loss by incorporating the velocity of the
human body, allowing for adaptive optimization of a clearer

human boundary:

L= [[A(r) = A)ll.

(1)

ren V()
where A represents the predicted mask obtained through
volumetric rendering of «; in the neural field, indicating
opacity with a value of 1 and transparency with a value of 0.
A denotes the estimated alpha mask from pre-trained models.
Based on the velocity-based alpha loss, the human mask is
optimized with a focus on regions with clear alpha edges,
effectively filtering out the blurry alpha values.

Overall Objective. Incorporating the photometric loss of Eq. 7
and event loss of Eq. 9, the overall objective is formulated to
optimize the human model,

L= LRGB + aeLEvent + apLPose + aaLAlphzu
where o, o), and o, are the are balancing weights.

12)

IV. EXPERIMENTS

A. Implementation Details

Datasets: We conduct on two datasets: 1) Synthetic Data:
We extend the ZJU-MoCap dataset [2] with simulated motion
blur and event data, focusing on six subjects. The training
set uses camera 1, and the remaining 22 cameras serve for
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Fig. 5. Qualitative results of novel view synthesis in our real-world dataset.
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validation. To simulate motion blur, we interpolate seven ad-
ditional frames between consecutive ones using the RIFE [48],
producing blurry frames. Event data is generated with the
V2E [49]. Poses and segmentation masks are averaged from
sharp images. 2) Real-World Data: We use the DAVIS346
color event camera [50], capturing spatial-temporally aligned
events and RGB frames at a resolution of 346x260 and an
RGB exposure time of 100 ms. The camera is stationary while
the subject performs rapid motions (e.g., running, jumping),
causing motion blur in the RGB frames. We estimate human
poses using EventHPE [18], refining them with SMPLify [51]
and OpenPose [52], and obtain segmentation masks with
RVM [22].

Implementation Details. We train each scene for 200k it-
erations on an NVIDIA A800 GPU. We set o, = 0.2,
ap = 0.01, and o, = 0.01 with a batch size of 12 patches
(20%x20 each). For event optimization, we set the threshold ©
to 0.2, following E2NeRF [10]. Our framework consists of
three primary trainable networks: the mapping network, the
motion field network, and the pose network. The mapping
network utilizes an 8-layer MLP with a width of 256, which
takes positional encodings as input and outputs color and
density. The motion field network, inspired by the approach in
HumanNeRF [1], starts with a fully connected layer followed
by five convolutional layers. The pose network uses a 4-layer
MLP with a width of 256. In inference, the framework requires
8 GB of memory with a batch size of 1 and processes 4
seconds per frame, which is comparable to HumanNeRF.
Compared Methods. We compare ExFMan with Human-
NeRF [1], MonoHuman [7] and GauHuman [4]. As no meth-
ods directly utilize events for this task, we use a two-stage
pipeline: deblurring videos, then reconstructing the human.
For deblurring, we use RGB-based methods (MPR [11]) and
RGB+Event methods (D2Net [13], EFNet [42]).

B. Results on Synthesis Dataset

We evaluate the models using PSNR, SSIM, and
LPIPS [46]. As shown in Tab. I, ExFMan outperforms the
baselines, especially in PSNR and SSIM. While deblurring
methods like MPR-MonoHuman show improvements in cer-
tain metrics, their overall performance is limited due to incon-
sistent human modeling during deblurring, resulting in poor

TABLE 11
QUANTITATIVE COMPARISON ON THE REAL-WORLD DATASET.
BRISQUE [53] IS UTILIZED FOR EVALUATION (less is better).

Subject 1{[Subject 2{[Subject 3|[Subject 4
HumanNeRF [1] 75.00 77.25 82.55 80.23
MPR [11]-MonoHuman [7]|| 74.58 76.47 82.74 79.89
Ours (ExFMan) 59.77 63.70 68.66 65.45
TABLE III

ABLATION STUDY ON THE VELOCITY FIELD, WHERE “VA-PL” INDICATES
VELOCITY-AWARE PHOTOMETRIC LOSS AND “VR-EL” INDICATES
VELOCITY-RELATIVE EVENT LOSS. THE RESULTS ARE CONDUCTED ON
SUBJECT 377 OF ZJU-MoOCAP [2].

Method [[ VAPL  VR-EL [[ PSNRf SSIM? LPIPS*] |
HumanNeRF [1] - - 18.66 09463 5850
Bascline X X 2068 09568  43.55
Baseline w/ VA-PL v X 2294 09665  41.42
Baseline w/ VR-EL X v 2152 09615 4333
ExFMan (full) v v 2380 09676  38.61

generalization. For subject 386, ExFMan achieves the highest
PSNR and SSIM, while the comparison methods slightly out-
perform it in LPIPS due to slower motion and less blur. Among
the two-stage deblurring methods, MPR-MonoHuman excels
in PSNR and SSIM, while MPR-GauHuman performs better
in LPIPS. However, both NeRF- and 3DGS-based methods
suffer from similar degradation, highlighting the challenges of
the motion blur in the dataset. Qualitatively, Fig. 4 shows that
ExFMan consistently recovers details, especially in motion-
heavy regions like hands (see Subject 392). In contrast,
the HumanNeRF baseline loses detail and produces vague
boundaries, while two-stage methods MPR-MonoHuman and
EFNet-MonoHuman struggle with fine details due to a lack
of temporal consistency. ExFMan optimizes the human model
end-to-end, ensuring global consistency and improved detail
recovery in motion blur-affected regions.

C. Results on Real-World Dataset

Due to the lack of multi-view ground truth sharp images in
real-world data, we use the no-reference image quality metric
BRISQUE [53] for quantitative analysis. We synthesize 360-
degree renderings from 5 frames with 100 views, and ExFMan
achieves the best results, outperforming the MPR deblurring
method, as shown in Tab. II. Qualitative results (Fig. 5) show
that the baseline method (i.e., HumanNeRF) produces hazy
boundaries, while the two-stage MPR-MonoHuman shows
only slight improvements but still fails to recover clear bound-
aries. In contrast, ExXFMan preserves color information and
sharp human boundaries across all subjects. For example, in
the 1%¢ row, it clearly separates the legs, while other methods
merge them.

D. Ablation Study and Analysis

Impact of the velocity field. To reveal the effectiveness of
the velocity field, we conduct an ablation study in Tab. III,
where “VA-PL” indicates velocity-aware photometric loss
and “VR-EL” indicates velocity-relative event loss. For
the baseline method, without a velocity field, we optimize
the vanilla photometric loss and event loss, alongside other
regularization loss (i.e., pose regularization and velocity-based
alpha loss). It is shown that velocity-aware photometric loss
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Fig. 6. Left: Velocity-aware photometric loss improves rendering quality at
the region with motion blur ((a) vs. (b)). Right: The velocity-based alpha loss
obtain clearer boundary compared with baseline ((d) vs. (e)).

obtained significant improvement compared with the baseline.
We also show the rendered result of the comparison on
photometric loss in Fig. 6 (left), where blur and haze are
exhibited on the regions of arms for the baseline method.

TABLE IV TABLE V
SENSITIVE STUDY FOR Qe SENSITIVE STUDY FOR Qg
@, | PSNRT SSIMT LPIPS*| o | PSNRT SSIMT LPIPS*|
0 | 2306 09589  48.70 0 2334 09662 5043
0.02 | 2332 09639 4727 0.001 | 24.04 09664  49.47
0.1 | 2401 09670 41.62 0.005 | 2397 09667  42.74
02 | 2380 09676  38.61 001 | 2380 09676 3861

It is believed that velocity helps to reduce the ambiguity
caused by motion blur in the photometric loss and improves
the performance. Moreover, velocity-relative event loss
also contributes to the performance with supplemental data
constrain for the blurry regions, while the full model achieves
the best performance.

Impact of the velocity-based alpha loss. The velocity-based
alpha loss is designed to handle motion blur by encouraging
the rendered alpha to focus on the clear human mask, taking
into account human motion. As shown in Fig. 6 (right), our
method achieves clearer boundaries compared to the vanilla
alpha loss, while the baseline method tends to produce artifacts
around the human subject. These artifacts are a result of
optimizing for the blurry human masks.

Impact of event data. We conducted experiments to evaluate
the role of event data by comparing it with a baseline that
excludes it. This variant optimizes only the velocity-aware
photometric and regularization terms, yielding a PSNR of
23.06 dB and LPIPS of 48.70 on subject 377. Incorporating
event data improved performance by 0.74 dB in PSNR and
10.09 in LPIPS, highlighting its importance in enhancing
human reconstruction amidst motion blur.

Impact of motion blur intensity. We recorded human mo-
tion during running with varying exposure times, resulting
in different levels of motion blur. In Fig. 7, we analyze
how the performance of the proposed approach changes with
varying motion blur intensity. By increasing running speed
and exposure time, we can increase the blur intensity. Notably,
even as the blur intensity increases, the details of appearance
and texture remain clear. However, when the motion speed
becomes excessively fast, it exceeds the limits of both the
human body and the capture system.

Sensitivity study for balancing weights. In the overall loss,
the balancing weights are set to adjust the loss terms to
a similar magnitude. We conducted further experiments on

i
bah
b

Fig. 7. Impact of Motion Blur Intensity. We set exposure times to 20 ms,
40 ms, and 60 ms, corresponding to minor, medium, and extreme levels of
motion blur. Our method demonstrates robustness across varying degrees of
motion blur intensity.

RGB Frame Rotate 180° Rotate 270°

(a) Minor Blur

(b) Medium Blur

(c) Extreme Blur

subject 377 with different balancing weights to evaluate their
effects. For o, in Tab. IV, we observed that while the PSNR
fluctuates within a small range, the best SSIM and LPIPS
values are achieved when o, = 0.2. For «, in Tab. V, we
achieve the best LPIPS when «, = 0.01. Intuitively, the
event data and alpha mask are useful in retaining structural
information, such as body boundaries, which benefits LPIPS.
For «y,, the values fluctuate within a reasonable range. Since
the pose regularization facilitates the optimization of the small
pose network (4-layer MLP), it converges easily.

V. DISCUSSION AND CONCLUSION

Discussion. Although our method shows promising results in
human reconstruction under motion blur, several limitations re-
main. First, our framework is currently applied to static scenes
with a static monocular camera. Handling dynamic scenes
with dynamic cameras introduces additional challenges, which
remains an open area for future research. Additionally, estimat-
ing the velocity field increases training computational costs.
This can be addressed with advanced human representations
(e.g., hash grids [23], 3D Gaussian Splatting [6]). Moreover,
ExFMan may produce subtle artifacts at the boundaries. This
is due to our reliance on pose and mask estimates from pre-
trained models, which can be affected by extreme motion blur.
Conclusion. We propose ExFMan to address the challenge of
rendering humans from motion blur, a task where previous
methods struggle due to inconsistencies in shape and appear-
ance. We incorporate hybrid data of blurry RGB frames and
events, and design a framework based on a novel velocity field
to facilitate rendering in motion blur. Our experiments on syn-
thetic and real-world datasets show that ExXFMan outperforms
baselines and state-of-the-art methods in terms of appearance
recovery and shape reconstruction.
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