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Realistic Human Image Animation with Dynamic Camera Effects

Minseok Kang, Jihyun Kim, ChangHee Yang, Kyeongbo Kong, Suk-Ju Kang, Member, IEEE

Abstract—Human image animation transfers a sequence of
pose guidance to a character in an image to generate a dynamic
video. In this paper, we enhance the realism of human image
animation by introducing viewpoint-conditioned synthesis under
moderate camera motion, enabling dynamic camera effects in
addition to articuated human motion. However, simply employing
off-the-shelf human image animation or view synthesis models
in a cascaded manner leads to artifacts, because body mo-
tion and viewpoint transformation are handled independently
wwithout preserving consistent depth ordering and occlusion.
As such, we propose a method which jointly learns to perform
both tasks within a shared 3D representation. Specifically, our
framework obtains an inpainted background image and isolates
the human figure from animated frames. Most importantly, we
propose a background depth reconstruction module (BDRM),
composed of a depth inpainter and a depth scaler, to obtain
an aligned background depth. With the depth information,
we convert the background and the foreground into 3D point
clouds which are then rendered from target views. For the joint
training, we suggest a T-shaped training method which resolves
the time-consuming and costly process of collecting animated
videos for each different view. In this paper, we prove the
effectiveness of our background depth reconstruction module
in preventing occlusions, and the superiority of our method
over cascade approaches quantitatively and qualitatively. Our
Project Page is available at https://excellent-wizard-cf6.notion.
site/ieee-tcsvt-dynamic-camera-human-image-animation.

Index Terms—Human image animation, 3D computer vision.

I. INTRODUCTION

UMAN image animation is one possible way to breathe

life into the static people in a photo. Specifically, this
task aims to generate a dynamic video from a source image
by transferring a sequence of pose guidance to the human in
the image. Recently, human image animation has been actively
studied for its potential applications across various domains.
For example, MagicAnimate [14] introduces a diffusion-based
framework which employs an appearance encoder to maintain
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intricate details of the reference image throughout the gener-
ated video. Champ [13] proposes to use a 3D human para-
metric model for enhanced motion guidance. More recently,
UniAnimate [1] achieved long-term human video generation.
However, one should note that all these extensive research
efforts focus only on dynamic human movements but not on
camera movements. In other words, existing works largely
assume a fixed camera viewpoint.

To bring not only the static character but also the entire
scene in a photo to life, our intuition is that combining con-
trollable cameras with human image animation can enhances
the realism and vibrancy of a photo. A related direction is
viewpoint synthesis, which generates images under changed
viewpoints from one or more input images. In the case of
single-image setting, prior methods mainly address moderate
camera motion rather than full 360-degree view synthesis.
For instance, Synsin [26] leverages latent 3D feature point
clouds, and 3D Photography [25] uses Layered Depth Image
(LDI) with explicit pixel connectivity as a representation
for viewpoint synthesis. On the other hand, NerfDiff [20]
introduces an image-conditioned NeRF [15] representation
based on camera-aligned triplanes.

Since it is possible to control character movements or
camera effects in an image with existing models, applying
viewpoint synthesis to the output of human image animation
models or vice versa seems to be the straightforward approach
to our newly proposed task. However, combining these two
tasks is not as simple. As shown in Fig. 1, cascaded approaches
lead to artifacts and inconsistencies. This occurs because
images are synthesized for each task separately. As a result,
changes in camera parameters do not align with simultaneous
changes in body pose, and adjustments in body pose do not
integrate with concurrent camera movements. In other words,
articulation and viewpoint change are handled independently,
without a shared structural constraint to maintain consistent
depth ordering and occlusion. Thus, to generate realistic and
consistent videos, both changes should be considered simul-
taneously, within a common geometric representation, raising
the need for joint training. In this paper, we propose a novel
architecture which jointly models human image animation
and viewpoint-conditioned synthesis under dynamic camera
motion. Rather than applying the two tasks sequentially in
image space, our key idea is to couple body articulation
and camera transformation within a shared 3D representation
before rendering. Throughout the framework, we separately
handle the foreground and the background. First, the reference
image goes through a human image animation network and
an image inpainting network to gain animated frames and an
inpainted background image. Then, depth values are estimated
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Fig. 1. Importance of Joint Training. Cascade approaches, where (a) the output of a human image animation network is used as input for a novel view
synthesis model, or (b) vice versa, result in blurred and unrealistic visual content, as well as inconsistent backgrounds. In contrast, (c) our joint training

method effectively addresses these issues.

for the animated frames and the background image, which
are used to lift the foreground and the background into
3D space as point clouds. After combining the foreground
and the background point clouds, by fixing or altering the
camera poses, networks in the framework such as feature
extractor, image decoder, and depth scaler are trained with
both novel view synthesis and human image animation datasets
simultaneously. Lastly, the combined point clouds are rendered
from target camera poses and decoded by the image decoder
which is trained to inpaint small gaps in the rendered frames.

Simply employing existing depth estimation models to
predict depths for the background image results in occlusions
in the rendered images, which we refer to as depth ambiguity.
This issue arises from differences in depth scales, where
the depth of the background image is not aligned with the
actual background depth in the animated frames. To solve this
problem, we incorporate a new module called Background
Depth Reconstruction Module (BDRM), which is composed
of a depth inpainter and a depth scaler.

Inspired by [31], we built the depth inpainter based on gated
convolution networks, and employ it to fill in the masked
region in the depth map of the reference image using the
inpainted RGB background image. Moreover, for enhanced
performance, we introduce a depth scaler which is trained with
alignment and constraint losses. These components are impor-
tant for preserving depth ordering and occlusion consistency
when articulated human motion and viewpoint transformation
occur together in the shared 3D space.

For the joint training of human image animation and
viewpoint-conditioned synthesis, animated videos for each
view is necessary which is impractical and difficult to collect.
As such, we utilize a T-shaped training method for the joint
training. T-shaped training method includes horizontal training
and vertical training. During horizontal training, we use a
viewpoint synthesis dataset. We start by selecting the first
frame from each video sample in the TikTok dataset [33]

and generate pseudo ground truth novel view frames using 3D
photography [25]. We then randomly select target viewpoints
to predict the corresponding novel view images. In the vertical
training phase, we use the TikTok dataset [33] for human
image animation. Here, we fix the camera pose and select
random time steps. Then, our framework is trained using
ground truth frames at the sampled time steps.
To summarize, our main contributions include:

We introduce a novel task that significantly advances the
field of human image animation by incorporating realistic
and dynamic camera movement effects.

We introduce Background Depth Reconstruction Module
(BDRM), composed of a depth inpainter and a depth
scaler, which prevents depth ambiguity such as occlusions
of the human by the background in the rendered image.
We formulate the task as a coupled 3D transformation
problem, where body motion and camera transformation
are handled within a shared geometric representation.
We propose a joint training method which simultaneously
learns to conduct human image animation and viewpoint-
conditioned synthesis.

II. RELATED WORK
A. Human Image Animation

There are two branches of work for human image animation
task. The first line of work commonly deforms the reference
image based on the motion guide sequence using a feature
warping function, as in [2]-[5]. Subsequently, Generative
Adversarial Networks (GANs) [6] are employed to fill in the
missing regions considering the previously warped subjects.
Specifically, Yang et al. [2] propose a Semantic Consistent
Generative Adversarial Network (SCGAN), which is robust
against noisy or abnormal poses. Zhang et al. [5] utilize an
auxiliary task (source-to-source) to boost the performance.
Yu et al. [3] leverage geometric kernel offsets with adaptive
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Fig. 2. Overall framework. Our framework is mainly composed of foreground-background feature point cloud generation and point cloud rendering process.

In the generation processes, depth maps and feature maps of the foregrounds and the background are estimated. Particularly, we built BDRM for background
depth estimation to resolve depth ambiguity. In the rendering process, we lift the foregrounds and background into 3D space as feature point clouds using
the feature and depth information. Then, the xed background and the changing foreground feature point clouds are rendered from target camera poses and
the rendered feature maps are passed through an image decoder to obtain a novel view human animation video.

weight modulation to align features and perform style transfére coupled transformation of non-rigid human motion and
simultaneously. The second line of work employs diffusiomiewpoint change.
models (DMs) for video generation, achieving signi cant
improvements in both quality and diversity, as in [7]-[14]C. 3D Representations for Dynamic Scene Modeling
Particularly, some studies, such as [10], [12], and [13], lever- Recent dynamic scene modeling methods further extend 3D-
age a large pre-trained DM combined with temporal modul@svare representations to time-varying settings. For example,
and conditional guidance. In more detail, DreamPose [10] n@®oDynRF [46] jointly estimates dynamic radiance elds and
tunes existing pre-trained image diffusion model and simpli esamera parameters for robust reconstruction under challenging
the task to nding the subspace of image with the condeamera motion, while MoSca [47] models scene deformation
tioning image. DisCo [12] introduces human attribute pressing a 4D motion scaffold combined with dynamic Gaussian
training method which disentangles control of the foregrourfdsion. However, these methods are designed for reconstruct-
and background region features. Champ [13] leverages a #lg observed dynamic scenes from videos rather than syn-
human parametric model withing diffusion-based framewonkesizing controllable human articulation and independently
for enhanced body shape alignment and motion guidanepeci ed viewpoint changes from a single reference image.
Furthermore, DM-based approaches exhibit superiority over
GAN-based methods in terms of training stability and mode [ll. METHODOLOGY
collapses. However, while these state-of-the-art models, in-As illustrated in Fig. 2, our framework is designed to
cluding AnimateAnyone [9] and MagicAnimate [14], havegenerate a video of animated humans with camera movement
dramatically improved the quality of human animation itseliffects. Firstly, a reference image and a corresponding fore-
they fundamentally assume a static camera. ground mask are given as input to an image inpainting network
to generate an inpainted background image. Consequently, the
B. Viewpoint Synthesis with Moderate Camera Motion  same reference image and a source video containing the target
Synthesizing novel viewpoints with moderate camera trangose sequence is given to a human animation network to gen-
lations has been explored through intermediate 3D-awdgeate animated frames. Using DPT [34] as a depth estimator,
representations. Layered representations such as multi-plaeobtain depth maps for each animated frame. Then, with
images and layered depth images enable moderate viewp6itt BDRM, we estimate the depth of the background image.
changes by modeling depth-aware image decomposition. sfosequently, we generate feature point clouds using depth
example, 3D Photography [25] synthesizes disoccluded reaps and RGB features, where the background point clouds
gions via depth-aware inpainting. Point-based approaches sat# xed and the foreground point clouds change as the time
as SynSin [26] lift image features into latent point clouds tetep progresses. Lastly, at target views, feature point clouds
render new viewpoints. More recently, image-conditioned rare rendered then decoded with an image decoder.
diance eld methods [15], [17]-[20], including NerfDiff, [20]
infer volumetric representations from sparse inputs. Despfle Foreground-Background Feature Point Cloud Generation
these advances, such methods generally assume static sceon@san Image Animation Network. The human image ani-
without articulated motion. Moreover, they do not addressation network generates an animated video or a sequence



IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 35, NOVEMBER 2025 4

background feature mapgk . These feature maps are com-
bined with depth maps to be transferred into 3D space as
feature point clouds P = (X;f;), which have been shown
to produce high-quality results when rendered. 2nd f;
represent i-th 3D coordinate and the corresponding feature
vector, respectively. To isolate the feature point clouds of the
foreground Rg, we apply hask t0 Frg. As for the Fsg,
we utilize the entire feature map without applying any mask.
Background Depth Reconstruction Module. In our frame-
work, the BDRM is essential for reconstructing a consistent
background that remains xed throughout the output video
while allowing the foreground to move. To achieve this,
we developed a novel module as shown in Fig. 3. Note
Fig. 3. A detailed structure of BDRM. The input image is rst processed that for animated frames aMmaion, We utilize a pre-existing

through a depth estimator to obtain an initial input depth map. After applyifionocular depth estimator, DPT [34], to estimate depth for
a mask to the input depth map, along with the input inpainted backgrougéch frame but the following module speci cally focuses on
oo Eociy e oo o ey e v 5 S s Eimating the dep of the inpaited backsrouag . The
resolving the depth ambiguity. temporal consistency of the background is ensured through the
framework's architectural design. Our framework processes
the static inpainted background imaggpdine OnNly once to
generate a single, xed background depth map. This xed
depth map is then reused across all video frames, maintaining
high background consistency throughout the video sequence.
Existing monocular depth estimators cannot determine the
depth values of the inpainted background image in relation to
the foreground. On the contrary, they can estimate the depth
values of the background while considering the presence of
the foreground, when using the input image. For this reason,
we designed a depth inpainter which estimates an intermediate
Dgg , using the depth of the background area in the.d as
the standard, and lling in the masked region usingant
Fig. 4. Qualitative comparison between w/o and w/. depth scaler. In as reference. Inspired by [,31]’ the depth inpainter is quigned
the depth map of the inpainted background image, estimated by our modd@sed on gated convolution networks combined with self-
without a depth scaler, inaccuracies near the legs result in occlusionsgittention mechanism on each convolution layer. However, the
e rendered mage. However, afe Iper g o depth scaler desgnefihth ambiguity in the mask region, which is wel shown in
Fig. 4, necessitates an additional scaling method. As such,
we sophisticate the background depth estimation process by
THW , i introducing a novel depth scaler, which re nes the intermediate
of frames \lﬂﬂwaﬂon 2R , given a reference image packground depth B to generate the nal background depth
linput 2 TRHW and a sequence of target human poses .~ our depth scaler is an encoder-decoder architecture
Veond 2 R - T denotes the number of frames, whereggsempling U-Net, which takes three key inputs: original depth

H and W each represents height and width of the frame\g;.mput , intermediate background depthsB, and foreground

Veona are pose guidance frames. Any human image animatigil gk lnask 10 OUtput the nal background depth & . To

model can be employed in guHrvrlramework in @ plug-and-play,ccessfully re ne R , our depth scaler is trained with two
manner. We obtaindénd 2 R from existing datasets, nqye| |oss terms - alignment loss and constraint loss:
such as the TikTok dataset [33].

Image Inpainting Network. The image inpainting network
generates visual contents for the masked region in a given im-
age. In our framework, its objective is to produce a background
image knpant 2 R"W by removing the human gure, L aignment = Mean(Abs(Des D gg) (1 I mask)): (2)
which is masked with a foreground maskatx 2 RHW |

from linpue . This allows us to handle the background and L consyain= Mean(ReLUDgg D input ) (I mask ));  (3)

the foreground separately. For the inpainting network, we use

Latent Diffusion Models [35] speci cally trained to removewhere the alignment loss improves the depth consistency
any object within the masked region. between intermediate background deptpgDand nal back-
Feature Extracting Network. Inspired by previous works ground depth R outside the foreground masked areas, while
[25], [32], we incorporate a feature extractor into our framehe constraint loss ensures that thgD does not exceed
work to extract the foreground feature magd- and the Dine in the foreground masked regions.

LScaIer= L AIignment+ L Constraini (1)
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synthesis. We suggest T-shaped training for the joint training
method. As for our task, animated videos for each different
view would be necessary, which is impractical and dif cult to
collect. In particular, a fully supervised setting would require
rendering or collecting multi-view animated videos across all
timestamps, which is computationally expensive and dif cult
to scale in practice. Speci cally, as demonstrated in Fig. 5, our
framework learns viewpoint-conditioned synthesis horizontally
and human image animation vertically. For the horizontal
training, we X the time step to 0 and use pseudo ground truth
viewpoint-shifted images. We randomly select camera poses
and train the model to render realistic viewpoint-conditioned
images. On the other hand, for the vertical training, we X the
camera pose and use ground truth animated video frames. We
randomly sample time steps, and train the model to synthesize
images close to the ground truth frames. By alternating these
two training directions, the model learns viewpoint variation
and articulated motion in the same geometric space rather than
learning them as two independent transformations. The overall
joint training loss is as follows:

R + .
Fig. 5. Joint training methodology. The vertical axis represents the time Lsoint =L 1, + L vee; ®)

axis showing a person's motion, while the horizontal axis represents ima i
of the same time frame but viewed from different angles due to changesq&ﬁere b and VGG loss [45] each accounts for per plxel

the camera position. Without joint training, all data assigned to empty ared8d perceptual dissimilarity between synthesized images and

are necessary, which is impractical and costly to collect. pseudo-ground truth images during horizontal training, and
synthesized images and ground truth images during vertical
training.

B. Point Cloud Rendering

As illustrated in Fig. 2, the Fg and Drg, and the IV. EXPERIMENTS
Fec and Dgg are combined to create P at each t in 30n. Datasets
space, which is subsequently rendered using a differentiabl

deri tion R f the t i Th SWe train the feature extractor, the image decoder and the
rendering equation i from the target camera pose c. Then, ttpeepth inpainter with the TikTok dataset [33] which consists of
rendered feature mapsEngered IS passed to an image decode

5pproximately 350 video clips of a dancing human, with length
network G to become the nal resuliolipu - of 10-15 seconds. The dataset is split into training and test sets

Frendered = R(P;C); (4) with a ratio of 8:2. More speci cally, for the vertical training
(human image animation), we randomly sample frames from
loutput = G(F Rendered ): () each clip from the original TikTok dataset whose camera

o Pose is static. On the contrary, for the horizontal training
(viewpoint-conditioned synthesis), we use the rst frame of
the training video clips to generate 100 pseudo GT viewpoint-

. shifted images for each video sample using 3D Photography

C. Training Strategy [25], with a prede ned camera trajectory (zoom in, zoom out,
We train our framework in three-stage manner. In the rsthift left and shift right).

stage, we train our depth inpainter in BRDM with masked The camera trajectory is prede ned and limited to moderate

images and pseudo GT depth images. In the second stagewpoint changes. Speci cally, x- and y-axis translations are

we train the feature extractor and the image decoder usisgmpled within [-0.04, 0.04] in normalized camera space, z-

a human image animation dataset and a novel viewpoinatxis translation is sampled within [-0.1333, 0.1333] to produce

conditioned synthesis dataset. In the nal stage, we ne-turmmom effects, and no camera rotation is applied (i.e., the rota-

the whole framework including our depth scaler in BRDMion matrix is xed to identity) during both training and testing.
while freezing the depth inpainter as well as the humarherefore, our setting focuses on viewpoint-conditioned syn-
animation network and the image inpainting network, witthesis under moderate viewpoint changes, rather than general
the same datasets used in the previous stage. As mentiolaege-baseline novel view synthesis.

before, our framework uses existing models for both the To further evaluate robustness and general applicability un-

human animation and image inpainting networks, supportimgr more diverse and challenging conditions, we additionally

various models in a plug-and-play manner. construct a new evaluation dataset, which we call Complex

Joint Training Methodology. Our framework jointly learns Scene Human Animation (CSHA). CSHA is built by combin-

to conduct human image animation and viewpoint-conditionéag selected samples from the evaluation dataset introduced in

Lastly, the sequence ofglype is stacked into a vide
VOutput 2 RTHW
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