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ABSTRACT Addressing the lack of temporal coherence of brushstroke particles, brushstroke misalign-
ment in moving regions, and degradation of stylistic details in digital-art image animation compositing,
this paper proposes a digital-art animation compositing method based on optical-flow-guided brushstroke
registration and dual-domain adaptive constraints. First, geometric contours and density-transparency
attribute fields of brushstrokes are jointly extracted, and rigid temporal constraints are introduced for
static regions to suppress texture jitter caused by random sampling. A style-preserving weight parameter
is used to adaptively adjust the penalty intensity according to local texture entropy, distinguishing random
high-frequency noise from intentional artistic vibration. Second, a multi-scale semantic style encoder is
constructed, and global color and texture style consistency are maintained through Gram-matrix statistical
constraints. Finally, an optical-flow-guided brushstroke flow field and motion-heatmap attenuation strategy
are designed to achieve intelligent following and natural redrawing of brushstrokes under complex non-
rigid motion. Experiments on the WikiArt dataset and DAVIS 2023 benchmark show that the method
improves temporal coherence, reduces perceptual flicker, lowers endpoint error and FID, and shortens
inference time, achieving smooth motion transitions while preserving artistic style.

INDEX TERMS computer graphics, non-photorealistic rendering, frame interpolation, optical flow, visual

signal processing

I. INTRODUCTION

Generating dynamic representations of digital artwork
through animated sequences with narrative tension is an
exciting new area of research between digital media art
and computer graphics. The ability to convert stills of
illustrations, concept art, and stylized media into animated
sequences will add significant visual impact and narrative
expressiveness when distributing this type of content [1-
2]. One relatively new way to create animation from still
images is to create intermediate transition frames between
single keyframes. This method is being utilised widely
because it requires minimal amount of data and is applicable
for many uses [3-4]. Unfortunately, existing methods to
synthesise animation mainly focus on natural video frames
as their input and are optimised for pixel-level accuracy
in reconstructing images, and smoothing out the motion
vectors between them [5-6]. Therefore, they do not consider
the unique “brushstroke drawing units” of digital paintings
(e.g., hand-drawn brushstrokes may be drawn in random
directions) [7], or the way in which watercolours will
diffuse or blur at their edges [8], or the way that oil paint
might stack in 3D [9]. Animation generated using these
current methods will encounter three primary challenges

VOL. 15, NO. 3, AUGUST 2026

when applied to artistic images:

Temporal coherence within individual brushstrokes is
inadequate. Current frame-based interpolation or rendering
algorithms do not impose any restrictions/dependencies on
either the distribution, orientation and/or opacity of brush-
strokes between two adjacent frame’s intermediate frames.
In the absence of these restrictions, high-frequency flicker,
edge crawl, and jitter can occur in brushstroke textures
possessing stable appearances in static works of art during
animation playback [10-11]. The flicker manifested by these
textures arises from an internal random sample of brush-
strokes utilized in the brushstroke texture generation process
and the independent optimization at the frame level rather
than from image noise at the pixel level.

The use of an inter-frame smoothing filter or a pixel-based
blending operation of two adjacent frames is commonly
employed in order to address the flicker that is present
when two adjacent frame’s brushstroke textures. By utilizing
inter-frame smoothing filters and pixel-based blending op-
erations, the noise is removed; however the sharpness of
the brushstroke edge or the layering of the brushstrokes
is also reduced. Due to the inherent contradiction between
suppressing the temporal flicker and retaining the original
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artistic quality of the individual brushstrokes, there will
always be an impact on the ability to maintain the quality of
the brushstroke texture during animation playback [12-13].

When there is non-linear motion present in an image,
current techniques cannot accurately determine how brush-
strokes will follow the expected motion over time. Even
though optical flow estimation generates pixel level esti-
mates of motion vector displacement, with respect to brush-
strokes being macroscopic forms that exhibit directional
properties and occupy area, it can produce significantly
more complex overall deformation patterns than that of
individual pixel displacements. As a result, attempting to
simply “paste” or transfer brushstrokes from a previous
frame to the next frame with reference to the optical flow
field will often cause visual issues, such as tearing off
sections of texture, distortion of brushstrokes, or duplicate
mapping being created at the boundaries of frames. This
issue is even more evident in scenes which contain more
complex motions [14-15].

The three challenges described above all refer back to one
center issue and uncertainty: the contradiction of having to
achieve three properties simultaneously, namely; inter-frame
physical correspondence of brushstrokes across frames; high
fidelity containment of style details of a brushstroke within
a single frame; and intelligently following the flow of
brushstrokes over time in areas with motion. Most previ-
ous studies have focused on using improved optical flow
networks to better define boundaries in motion [16-17], but
still do not provide an explicit temporal constraint to the
internal structure of brushstroke(s) which could eliminate
the style loss (issue number two) and have drawn on the
concept of using image style transfer as a means to introduce
the necessary Gram matrix statistics that would create a
degree of texture distribution consistency [18-19]. However,
these statistical global constraints can, in some instances,
provide an inter-frame correspondence and a following for
brushstrokes, acting as separate entities, with respect to the
flow of brushstrokes; other studies have tried to combine
vector graphics representation with parametric interpolation
methods but do have inherent limits with respect to the
representation of complex pigment textures or non-rigid
deformations, and also often yield unintentional smoothness
effects.

To address the aforementioned challenges, existing re-
search either focuses on pixel-level motion smoothing while
neglecting the physical properties of brushstrokes as macro-
scopic drawing units, or relies on global style statistics,
failing to achieve individual brushstroke tracking and adap-
tive deformation. There is a lack of a complete technical
framework that organically unifies brushstroke temporal
consistency, motion following, and style fidelity. To address
this, this paper proposes a digital art image animation
synthesis technique based on optical flow-guided brush-
stroke registration and dual-domain adaptive constraints.
This technique addresses the aforementioned contradictions
from three dimensions: brushstroke attribute modeling, style
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feature encoding, and motion deformation guidance. Firstly,
a joint extraction framework for brushstroke geometric con-
tours and density-transparency attribute fields is constructed,
which explicitly models the alpha channel transparency
and particle density characteristics of digital brushstrokes.
Optical flow alignment establishes the inter-frame physical
correspondence of brushstroke particles, and rigid temporal
constraints in static areas are introduced to fundamentally
sever the high-frequency flickering link caused by random
sampling. The penalty intensity of the temporal constraint is
dynamically modulated by the local texture entropy of the
brushstroke region. Regions with high texture entropy corre-
sponding to intentional stylistic texture fluctuations receive
reduced constraint weights to preserve artistic vitality, while
regions with low texture entropy dominated by sampling
noise receive full constraint weights to eliminate flickering
artifacts. Secondly, a multi-scale semantic style encoder
based on a pre-trained VGG-19 (Visual Geometry Group 19-
layer network) is employed to simultaneously extract brush-
stroke micro-texture and global color composition features
at different receptive field levels. Gram matrix statistical
constraints ensure high-fidelity restoration of the artistic
style in a single frame. Thirdly, an optical flow-guided
brushstroke flow field and motion heatmap mask attenuation
strategy are designed. In areas of weak motion, brushstrokes
are forced to undergo affine deformation alignment along
their trajectory. In areas of strong motion, the consistency
penalty is dynamically relaxed based on a continuous atten-
uation function of optical flow amplitude to trigger natural
brushstroke redrawing, solving the problems of brushstroke
misalignment and texture tearing under nonlinear deforma-
tion. Testing is done to check the viability of the new
technique that is developed against the WikiArt digital art
dataset and the DAVIS 2023 benchmark, by using multiple
iterations of testing on both datasets. The tests confirm that
the new method did indeed produce superior results when
evaluating brushstroke temporal consistency, naturalness of
motion following, and accurate artistic representation over
all current mainstream algorithms. The results validate the
potential for a new technical pathway for the dynamic
display of high quality digital art works.

Il. AMETHOD FOR ASSISTED ANIMATION
COMPOSITING BASED ON JOINT STYLE AND MOTION
CONSTRAINTS

Figure 1 illustrates the complete process of the proposed
technique. There are four main phases to this process:
(1) feature extraction: using Canny Edge Detection and
Bézier curve vectorization methods [20-21] for obtaining
geometric contours as well as multi-scale style features and
Gram matrix calculations from the VGG-19 encoder [22-
23]; (2) target setting: calculating average style features
by interpolating between skeleton contours; (3) constraint
synthesis: using a hybrid loss optimization to drive the
UNET generator in generating initial intermediate frames;
and (4) visual optimization: obtaining the final synthesis re-
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sult through adaptive anti-aliasing and local color correction
methods. The specific implementation details of each stage
are shown in Figure 1.

A. JOINT EXTRACTION OF BRUSHSTROKE
GEOMETRIC FEATURES AND ATTRIBUTE FIELD
1) Adaptive Edge Detection and Bezier Vectorization
Given the original digital art images Iy and I;, they are
first converted to grayscale to reduce the interference of
color information on edge detection, resulting in the lumi-
nance channel image Ig.q,. Then, the adaptive threshold
Canny edge detection operator is used to extract brush-
stroke contours. The computational process of this operator
consists of four consecutive steps: Gaussian filtering for
noise reduction, gradient magnitude and direction calcula-
tion, non-maximum suppression, and double-threshold edge
connection. Figure 2 illustrates the complete extraction
process from the original digital art image to the vectorized
brushstroke contours.

Let the two-dimensional Gaussian smoothing kernel be:

G(;v,y) =

o represents the standard deviation parameter, the smoothed
image is Ismooth = Igray * G. At pixel position (z,y),
the gradient components along the horizontal and vertical
directions are calculated by the Sobel operator:

1 2242

e 2 (1)

2mo?

-1 0 1
Gr =1|-2 0 2|=x Ismootha
-1 0 1 ,
(-1 -2 -1 @
Gy = 0 0 0 * Ismooth
12 1

Therefore, the gradient magnitude M (z,y) and gradient
direction 6(x,y) are obtained:

M(z,y) = \/GZ + G2, 0(x,y) = arctan (gy) (3)

In the non-maximum suppression stage, for each pixel, the
magnitude of its neighboring area is compared along its
gradient direction, and only local maxima are retained, thus
refining the blurred edges to a single pixel width. Finally,
adaptive high and low thresholds T}, and Tj,,,, which are
related to the local statistical characteristics of the image,
are used instead of fixed thresholds. T},;4, is determined by
the cumulative distribution function of the image gradient
magnitude histogram, Thign = par + K - o, Where k is
a scaling factor. Pixels with magnitudes higher than T}y,
are marked as strong edge points, pixels between T}, and
Thign that are connected to strong edge points are retained,
and the rest are set to zero.

After obtaining the binary edge map Epinary, contour
tracking is performed on its connected components to ob-
tain an ordered edge point set P = {p1,pa,...,pn}. TO
transform discrete pixel-level edges into continuous curves
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with analytical form, a cubic Bézier curve is introduced to
fit each contour segment. As shown in Figure 2(d), a cubic
Bézier curve is defined by four control points Py, P;, P,
Ps, and its parametric equation is as follows:

B(t) = (1 —t)*Py +3(1 - t)*P,

4
+3(1 = t)t° Py + 3P, @

t€10,1]

t is the curve parameter. For a given edge point segment, the
least squares fitting method is used to solve for the optimal
control point position, minimizing the sum of squared
Euclidean distances between the fitted curve and the original
point set. After fitting, each stroke contour is described by
a set of parameterized curve segments {B;(t)},, consti-
tuting a complete vectorized stroke contour set C'.

2) Stroke Direction Field and Thickness Distribution
Estimation
As a structural unit with macroscopic direction and local
width, the deformation law of a stroke needs to exceed
pixel-level displacement. This paper constructs the stroke
spatial attribute field by jointly using structural tensor and
distance transformation. Given a grayscale image I,, the
gradient structural tensor is calculated within the sliding
window ,.(x):
2
Ix= 3 wx-y) Lf}y Iﬁﬂ )
YEQ,(x)

Eigenvalue decomposition is performed on J(x), and the
eigenvector v, .. (x) corresponding to the largest eigenvalue
is taken as the dominant local pen-cutting direction to
construct a normalized direction field D(x) = [d,d,]”.
Simultaneously, an Euclidean Distance Transform (EDT)
is performed on the binary pen-stroke mask to obtain the
thickness field 7'(x) = EDT(x). The direction field and
thickness field together characterize the topological mor-
phology of the pen stroke, providing a deformation guidance
benchmark for the nonlinear deformation of the moving
region.

3) Pen-stroke Transparency and Particle Density Estimation

The random distribution and transparency variations of
pen-stroke particles are the root cause of high-frequency
flickering. In the context of computer graphics, the density-
transparency attribute field consists of two complementary
components: the particle density field which characterizes
the number of brushstroke particles per unit area, and the
transparency field which corresponds to the alpha channel
representing the opacity of each brushstroke layer. This
paper constructs a density-transparency joint field at the
local texture response level. The input image is converted
to the Lab color space, and the local normalized variance
and Shannon entropy are calculated on the L channel:

2 1 2
o*(x) = gy > (Lly) — ) (6)
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Stage 1 Feature Extraction

Canny Edge = VGG19 Style
Detection Encoder

Bezier Curve | Gram Matrix
Vectorization | Computation
Stage 2 Target Formulation
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Stage 3 Constrained Synthesis

Hybrid Loss
Optimization

Initial Synthesized
Frame

Stage 4 Visual Refinement

Adaptive Anti
Aliasing

Local Color
Correction

Final Synthesized
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FIGURE 1. Overall framework of the method presented in this paper

FIGURE 2. Flowchart of vectorized extraction of geometric features of
brushstrokes. (a) Original digital art image. (b) Adaptive Canny edge detection
results. (c) Edge feature point extraction. (d) Vectorized fitting results of Bézier

curves

H(x) ==Y prlogpx (7)
k

Py is the probability distribution of the gray-level histogram
within the window. The brushstroke transparency field «(x)
and the particle density field p(x) are generated through
nonlinear mapping:

a(x) 1 H(x)

1t exp[—k1(o(x) — 1))’ p(x) = - a(x)
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This field quantifies the microscopic statistical characteris-
tics of brushstrokes within a single frame, serving as the
physical basis for monitoring inter-frame temporal consis-
tency.

B. MULTI-SCALE SEMANTIC STYLE FEATURE
ENCODING

A constructed multi-scale use of a semantic style encoder
that is based on a previously trained VGG-19 model will
extract high dimensional feature representations that express
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the essence of the artistic style in an original digital art
image[24]. Each semantic style encoder will use the same
input image and run through multiple forward propagations
occurring in parallel at various scales (resolution levels) of
the input image and generating hierarchy style descriptions
of the original image from localised brushstroke particles to
global colour composition.

Given an input image I, its multi-scale pyramid repre-
sentation is first constructed. Let s € S be a downsampling
factor, and obtain the scale-transformed image sequence
{Is}ses through bilinear interpolation, where s = 1 cor-
responds to the original resolution. Images at each scale are
input into the VGG-19 network, and feature map responses
are truncated at a specified set of feature extraction layers
L = {convl_1, conv2_1,conv3_1,conv4_1, conv5_1}. For
the feature map extracted at the [-th layer at scale s, denoted
as Fl € RIXWixCi where H;, W;, and C; are the height,
width, and number of channels of the feature map at that
layer, respectively. Local stroke direction, grain distribution
and edge perturbation sensitivity of the shallow features
like convl_1 and conv2_1 encode texture attributes at the
micro level; whereas the larger receptive field of the deep
features (conv4_1, conv5_1) capturing global compositional
structure, colour layout and division within the semantic
region are their macro-level counterparts.

The Gram matrix is determined by calculating the two-
dimensional spatial correlations of the feature map through
calculating the normalized form of the inner product be-
tween channels in each feature map layer. The components
of the Gram matrix are given by:

H, W,
1
Gl (i,j =7§ § Fl(h,w, i) Fi(h,w,j) 9
S( -]) HlWlCl h:1w:1 S( ) S( ]) ()

The channels are labelled ¢ and j respectively. The Gram
matrix retains a form of correlation for activation modes,
however the Gram matrix does not integrate any location
information of the spatial locations of the activations and
therefore can be viewed a valid and unique representation
of style texture. The Gram matrix is calculated for every
layer of feature activity at every different level of scale;
afterwards, all of the Gram matrices will be expanded row-
wise and concatenated creating the entire vector of style
feature of the original input image.

o(1) = P EP vee(G) (10)
s€S leL

vec(+) denotes a vectorization of matrices. This construction
method enables the texture statistics encoded in ®(I) to
simultaneously be represented in different receptive field
scales and at many resolutions of style. Therefore, ®(I)
provides hierarchical and differentiable supervisory signals
to enforce style consistency in the generation of subsequent
intermediate frames. The style constraint is applied in a
spatially weighted manner, where the weight of the Gram
matrix constraint at each spatial location is inversely pro-
portional to the local optical flow amplitude.
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C. MOTION ESTIMATION AND BRUSH FLOW FIELD
CALCULATION

To establish pixel-level correspondences between adjacent
frames, a lightweight optical flow network F,,.(-) is used
to estimate the forward optical flow field Vi y1(x) =
[u(x),v(x)]T from time ¢ to t + 1. To suppress boundary
blurring caused by non-rigid motion, a motion boundary
confidence mask Mcg4c(x) = exp(—||VV (x)]]2/0y) is in-
troduced, dynamically adjusting the penalty intensity in sub-
sequent constraints. An occlusion confidence mask M,.(x)
is constructed based on the forward-backward optical flow
consistency check. Pixels with forward-backward flow error
exceeding 2 pixels are classified as occluded regions.

If one is to directly translate the brushstroke using optical
flow, it would create large-scale structural damage (tearing).
Using the orientation field D and the thickness field T
parameterized in section 2.1.2, this paper develops a local
affine deformation guidance matrix that is used to create an
appropriate direction for each pixel in the image:

cosf(x) —sinf(x)| .. ou ov
sinf(x)  cosf(x) } - diag (1 T Lt 8y>

1D
The angle, 6(x), between the optical flow divergence and
the angle of the two orientation fields, is calculated to
establish a reference frame for remapping. The resultant
matrix will non-rigidly stretch or bend the stroke direc-
tion, and thickness of the pen along the motion path,
to create the expected pen stroke flow field [D*,T%] in
the target frame. For regions exhibiting complex non-rigid
deformations such as fluid-like watercolor bleeds, a thin-
plate spline transformation is applied in addition to the local
affine transformation. The thin-plate spline transformation
is computed using corresponding control points extracted
from the vectorized brushstroke contours, enabling accurate
modeling of smooth non-rigid deformations that cannot be
represented by affine transforms.

G(x) =

D. GENERATION OF INTERMEDIATE FRAMES WITH
MULTIPLE CONSTRAINTS

1) Geometric Contour and Style Statistical Constraints
Given a first frame image [y and a last frame image I,
the goal is to synthesize a transition frame I; located at
the intermediate time ¢ € (0, 1). To this end, a dual-domain
joint optimization generator G is constructed. Its input is the
concatenation of the two original images along the channel
dimension, and its output is the predicted intermediate frame
I,. During generator training, in addition to the conventional
reconstruction loss, two specific constraint terms are intro-
duced to ensure the coherence of the geometric structure
and the consistency of the artistic style, respectively.

First, the geometric constraint term L., is constructed.
Using the vectorized brushstroke contour set C of the first
frame and the vectorized brushstroke contour set C; of the
last frame obtained in Section 2.1.1, linear interpolation
is performed on the control points of each corresponding

4164



AE JOURNAL
e ORG Yang et al.
brushstroke to obtain the skeleton contour C,;q at the normalized weight corresponding to each layer, || - ||

intermediate time. Specifically, for the control point pair
Py and P, the intermediate position P,,;q is calculated as
follows:

Pria=(1—-1t)Py+tP, (12)

In this step, it calculates the desired edge map, designated as
Eiarget, for the intermediate frame by replacing the initial
control points with those found in the Bézier curve repre-
sentations (parametric equations) defined above. The actual
edge responses provide measured quantity values (Ej.cq)
using the generated frame I, via the Canny Operator, thus
providing us with a geometric constraint term that it uses to
measure the error through a mean square error calculation.

1

Lgeo - N Z ‘lEpred(m7y) - Etarget(x7y)||2 (13)

T,y

(z,y) represents the image spatial domain coordinates, and
N is the total number of pixels. This constraint forces
the generated frame to maintain structural information con-
sistent with the interpolated skeleton at the stroke edge
position, thereby effectively suppressing breaks and blurring
at motion boundaries.

As shown in Figure 3(a), without explicit geometric
guidance, the generated result is prone to structural breaks
and artifacts in the object contours and areas with dense
textures (shown by white cracks in the figure). However,
after introducing geometric constraints, as shown in Figure
3(c), the skeleton structure of the generated frame remains
intact, and the edge transitions are smooth and coherent.
Next, a style constraint term Ly, is constructed. Using
the multi-scale semantic style encoder described in Section
2.2, the Gram matrices Gy and G; corresponding to the
style feature vectors of the original first and last frames
are extracted respectively. The target style representation is
computed as a time-weighted and semantic-region-weighted
average of the Gram matrices from the two keyframes

Gtarget = (1 — t)WoG() + tW1G, (14)

where t is the temporal interpolation factor and W, W, are
semantic region-specific weight matrices derived from the
segmentation masks of the input keyframes.

Simultaneously, the corresponding style feature vector of
the generated frame ft is extracted, and its Gram matrix
G gen is calculated. The semantic region weight matrices are
computed based on the similarity of local feature descriptors
between corresponding regions in the two keyframes, ensur-
ing that regions with distinct artistic styles in each keyframe
retain their unique characteristics rather than being averaged
into a generic texture. The style constraint term is defined
as the weighted Euclidean distance between the two in the
Gram matrix space:

Lstyle = Z )\lHG‘lgen - Gfﬁafr‘get”%7 (15)

lel
In the formula, £ represents the set of multi-scale sampling
factors, [ is the selected feature layer index, \; is the
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represents the Frobenius norm, and Glgen and Géarget are
the Gram matrices of the generated frame and the target
style at layer [, respectively. This loss function forces the
generated frame to maintain consistent texture statistics with
the original work at different receptive field scales, thereby
preventing the loss of brushstroke graininess and color shift
during frame interpolation. The Gram matrix calculation
is modified to incorporate spatial weighting based on the
motion heatmap. For each feature map F!, the spatially
weighted Gram matrix is computed as:

1 Hl Wl

1/ -

== m (P,

Gs(zaj) HlWlCl hz::lwz::lw ( U_)) (16)
x Fi(h,w,i) - Fi(h,w, )

where wp,(h,w) = 1 — ||[V(h,w)||/max(||[V]]) is the
motion-dependent weight. This modification reduces the in-
fluence of global texture statistics in regions with significant
motion, prioritizing temporal coherence over strict style
consistency in these areas.

As shown in the magnified details of Figures 3(b) and
3(d), under the influence of style constraints, the micro-
scopic brushstroke direction and paint stacking texture of the
painting surface are accurately reconstructed without texture
degradation caused by excessive smoothing. In addition
to the above two constraints, the generator training also
uses pixel-level L; reconstruction loss to supervise low-
frequency structures, i.e., Lyec = Hft — Ig|l1, where I
is the real intermediate frame in the dataset. Combining all
losses, the overall optimization objective is expressed as:

Ltotal = )\rechec + AgeoLgeo + )\styleLstyle (17)

The three hyperparameters, Arec, Ageo, and Agiye are all
non-negative, and represent the contribution rate of each
of the loss terms to the overall loss during the generator
training process. The generator parameters, theta, are up-
dated iteratively via the Adam optimizer until the total loss
converges. Ultimately, the generator is able to generate a
faithful reproduction of the stylized texture of the input
digital artwork while preserving the geometric continuity
of the contours of the brushstrokes.

2) Temporal Constraints on Brushstroke Attributes

To suppress high-frequency jitter between frames of brush-
stroke particles, temporal smoothing of the density and
transparency fields is forced in the optical flow alignment
region. Let V4., be the result of the density/transparency
field of the previous frame after optical flow distortion, and
define the temporal coherence loss as follows:

1
Liemp = N Z Mistatic(x)([|pe(x) = pr41(x) |2

+ (%) = @t (%)|l2)
(18)
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FIGURE 3. Comparison of intermediate frame generation results under
combined geometric and style constraints. (a) Structural breaks and artifacts
due to lack of geometric constraints. (b) Preservation of details in local
brushstroke textures under style constraints. (c) Coherent intermediate frames
generated from the complete model. (d) Detail reconstruction results under
dual geometric and style constraints

Mistatic(x) = 1 — || V(x)||/ max(||V||) is the static region
mask. This constraint imposes a rigid temporal penalty in
low-motion regions, fundamentally cutting off the texture
flickering link caused by random sampling. The static region
mask M;qtic(x) is further weighted by a style preservation
factor (Wetyie(x) = 1 — H(x)/Hmaz), Where H(x) is the
local Shannon entropy of the luminance channel.
The modified temporal coherence loss is expressed as:

1
Ltemp = N ZMstatic(X)wstyle (X)

% (lpe(x) = prea (x)]|2 (19)

+ love (x) — g1 (x)]]2)

3) Motion-Guided Stroke Remapping Constraint

In complex motion regions, strokes need to follow the
nonlinear flow of the shape rather than simple translation.
This paper introduces a direction-thickness joint remapping
loss and combines it with a motion heatmap to implement
a mask attenuation strategy:

1
Lremap == N Z(l - Mhigh_motion (X))

x (|[Dj(x) = D*(x)]l2
+ A7 || Tj(x) — T7(x)||2)

(20)
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Mpigh_motion 18 generated based on an optical flow ampli-
tude threshold. The motion heatmap mask value is computed
using a continuous sigmoidal attenuation function

1
~ Tt ep(—k([V @) 7))

where 7 = 5 pixels/frame is the motion threshold and k
= 2 is the steepness parameter controlling the transition
between weak and strong motion regions. In strong motion
regions, the mask value approaches 0, and the loss auto-
matically decays, allowing the generator to trigger natural
brush redrawing based on style priors. For occluded regions
identified by the forward-backward flow consistency check,
the remapping constraint is completely removed and the
generator synthesizes missing brushstroke textures using
multi-scale style priors extracted from non-occluded regions
of the same semantic category. The motion heatmap mask is
further refined by multiplying with the occlusion confidence
mask, ensuring that texture tearing caused by occlusion
is addressed through style-consistent inpainting rather than
forced warping of existing brushstrokes. In weak motion
regions, it forces alignment with the expected flow field to
avoid texture misalignment and duplicate mapping.

Mhigh_motion (ZIJ) 21
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4) Joint Optimization and Generation
Considering the above constraints, a multi-objective loss
function is constructed to drive the U-Net generator Gy:

Ltotal = )\TSCL’I‘BC + /\geoLgeo + )\styleLstyle

(22)
+ )\temthemp + )\remaeremap

The Adam optimizer is used to iteratively update the param-
eters 6. After training convergence, the generator can explic-
itly maintain temporal stability of brush stroke attributes and
achieve intelligent motion region tracking while preserving
geometric coherence and style fidelity.

E. POST-PROCESSING OPTIMIZATION AND COLOR
CORRECTION OF SYNTHESIZED FRAMES

While both the geometric structure and style texture of Iy,
generated in the intermediate frame system initially meet or
exceed the requirements for each of the prior systems, there
could still be pixel-level jagged edges in areas with high-
contrast edges, as well as some variance in local colour
distribution compared to the reference frame caused by
the global normalisation process that occurs during g,
creation. To eliminate these visual defects, this section
introduces a fast anti-aliasing processing based on edge
direction adaptation and a color correction module based
on local histogram matching to achieve the final refinement
of visual quality [25-26].

To begin, the generated frame goes through anti-aliased
optimized processing. The “Sobel” operator is applied to
get the gradient magnitude M (z,y) and gradient direction
0(x,y) used in determining sampling neighborhoods at the
xy coordinate. If a given xy has a gradient magnitude greater
than a threshold value, then a one-dimensional sampling
neighborhood is created in the y-axis direction of the xy
location. The length of this neighborhood is directly related
to the local contrast (e.g., longer neighborhoods have higher
contrast). A Gaussian weighted average of pixels in the
adjacent neighborhood on both sides of the edge is used
to combine the color for the pixel located at the edge.

_ Z(u,v)e/\f(m,y) w(, v)Igen(u,v)
Clz,y) = 5 (
(u0)eN (z,) (U V)

The weight function w(u,v) is determined by both spatial
distance and color similarity.

) = exp (- |<u,v>2;§<x,y>2)

exp (_ [ Lgen (u,v) — Igen (2, y)||2>

2
202

(23)

(24)

In the formula, o, controls the range of spatial smoothing,
and o, controls the intensity of color edge preservation. This
mechanism only applies to areas with significant gradients,
while maintaining the original pixel values in flat areas.
Therefore, it eliminates jagged edges without introducing
overall blur, effectively preserving the sharpness of the brush
stroke geometry extracted in Section 2.1.
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Next, color correction is performed on the anti-aliased
image Igmooth- Since the tonal distribution of the generated
frame may have an overall offset from the original input
frame Iy or I, a local histogram matching strategy is used
for channel-by-channel correction. Both I, 40¢, and the ref-
erence image I,..; are converted to the YCbCr color space.
Histogram matching is performed only on the luminance
channel Y and the two chrominance channels Cb and Cr to
avoid color distortion introduced by cross-channel coupling.
For each color channel k£ € {Y,Cb,Cr}, the cumulative
distribution functions Fy,, and FF , of the image to be
corrected and the reference image are first calculated, where
the independent variable is the normalized pixel value. Then,
a mapping function MF is established such that for any
pixel value v, the following condition is met:

ME(v) = Fpop (Fyep(0) (25)

gen

The mapping function is constructed using piecewise linear
interpolation. To suppress color spots and block artifacts
caused by overcorrection in local areas, the image is divided
into image blocks with overlapping ratios. The mapping
function is calculated independently for each block, and
spatial smoothing is performed using the weights at the
block center positions. Finally, the color-corrected compos-
ite frame I¢;y,q; is obtained.

lll. EXPERIMENTAL SETUP AND EVALUATION
BENCHMARKS

A. EXPERIMENTAL DATASET AND PREPROCESSING
Two datasets are used in this study: one published dataset
that captures the variety of styles of digital artworks from the
WikiArt Digital Art Archive, and one dataset that captures
the variety of motion complexity in natural video sequences.
The WikiArt Digital Art Archive supplied a collection
of digital artwork images that represented five common
styles: Impressionism, Expressionism, Post-Impressionism,
Watercolor, and Impasto [27-28]. The selection process
used for the digital art images complied with two selection
criteria: images had to have a minimum resolution of 1024
X 768 pixels and they had to have a clear representation of
brushstroke textures. Following manual checks for exces-
sively abstract compositions or missing brushstroke detail,
it is able to establish that there are 5000 individual image
pairs remaining for further use in subsequent analyses. Each
image pair is comprised of two sequential frames of a single
painting at a single-frame time interval. The image pair’s
temporal relationship to the other image in the image pair
is the same as the temporal relationship of the two sequential
frames of the same painting when they are recreated as a
still artwork being closely reviewed by a camera at a slow
pan or zoom rate.

The DAVIS 2023 video object segmentation benchmark
dataset [29-30] is also used to extract a portion of video
frames from continuous live-action video and create high-
level motion annotations at the pixel level to assess how
well the method predicts optical flow and how accurate the
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geometric constraint are in natural motion. From this data,
thirty video sequences that contained clear translations and
rotations of a boundary between two objects are selected,
and a consecutive ten frames for each video sequence are
used for the test sets.

During preprocessing, images are resized to uniform res-
olution of 512 by 512 pixels, using bicubic interpolation to
ensure that edge sharpness and texture detail of brushstrokes
are maintained. For the WikiArt dataset, two frames are
extracted from a continuous sequence as the generator input:
The first frame I serves as the input to the generator (the
last frame) and serves as the label for training. The mid-
point in-frame I 5 is used to compute reconstruction loss
for supervised learning and is used as the label. For the
DAVIS 2023 dataset, a set of three frames (I;, Ii42, [y+1)
are extracted with a stride of two. Here, frame I, serves
as the label for the mid-point frame. All image pairs for
both datasets are randomly divided into four equal portions,
ensuring that any individual artwork or video sequence
consists of only one image pair in either the training or
the testing dataset. The pixel values of the preprocessed
image pairs are represented in tensor format with pixel value
normalized to the range between O and 1.

B. COMPARISON METHODS AND EVALUATION
METRICS

For a thorough assessment of the performance of the algo-
rithm proposed in this paper, three representative animation
compositing algorithms have been chosen as comparison
"baseline’ algorithms. The first algorithm is RIFE (Real-
time Intermediate Flow Estimation), which estimates op-
tical flow using a neural network in order to synthesize
real-time intermediate frames, providing excellent levels
of smooth motion; however, it is not explicitly designed
to create artistic-style content. The second algorithm is
SoftSplat, which employs forward warping and utilizes a
soft compositing approach to deal with occlusions caused by
optical flows in the forward-facing directions, resulting in an
output with relatively sharp motion boundaries. The third is
EbSynth, which applies style transfer via keyframes as its
primary methodology, resulting in style texture continuity
throughout an entire video sequence; however, it is sensitive
to non-rigid motions. The selected algorithms are used
for the evaluation of the proposed algorithm based on
criteria of motion accuracy, boundary retention and quality
of stylization transfers.

The evaluation metrics cover four aspects: motion
smoothness, artistic style fidelity, brushstroke temporal sta-
bility, and computational efficiency.

Motion smoothness is quantified by two metrics: Average
Endpoint Error (AEE) and Optical Flow Error (OFE). AEE
is defined as the mean Euclidean distance between the
predicted and actual optical flow vectors. Let the predicted
optical flow field be f,,cq = (Upred, Upred), and the actual
optical flow field be fy; = (ug, vg:), then the formula for
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AEE (Average Endpoint Error) is:

Z \/(upred — tgt)? + (Vpred — Vgt)?

(z,y)€Q
(26)
Q) represents the effective pixel region of the image. Optical
flow error is further calculated as a statistical measure of
the pixel-by-pixel angular difference between the predicted
and actual optical flow, defined as:

1 g
OF Error = — ALCCOS (  fprea-fr ) o
it (z%:esz I Epredlll|fgell + €

1
AEE = —
9]

In the formula, € is a small constant to avoid division
by zero. AEE focuses on the accuracy of displacement
amplitude, while OF Error (Optical Flow Error) focuses
on the fidelity of motion direction. Together, they are used
to measure the smoothness of motion in the generated
intermediate frames.

Artistic style fidelity is evaluated using the Fréchet Incep-
tion Distance and structural similarity index. FID measures
style consistency by calculating the difference in distribution
between the generated image set and the original image
set in the Inception network feature space. Let the features
of the real image follow a distribution N (y,%,), and
the features of the generated image follow a distribution
N (pg,3,), then FID is defined as:

FID = |y — prgl* + T (B 4+ 5, — 2(5,50) ) 28)

p and X are the mean and covariance matrices of the
eigenvectors, respectively. A lower FID value indicates that
the statistical properties of the generated image are closer
to the original artwork. SSIM (Structural Similarity Index)
measures the local similarity between two images in terms
of brightness, contrast, and structure. Its calculation formula
is:
(2papty + C1)(200y + Ca)

(13 + p + C)(oz + o5 + Co)

SSIM(z, y) = 29)
iz and p,, are local means; 03 and 05 are local variances;
04y is the covariance; and C' and Cs are stability constants.
The closer the SSIM value is to 1, the more structurally
similar the generated frame is to the original frame.

Computational efficiency is measured by the average in-
ference time per frame, in milliseconds. This metric provides
an indication of the average processing time of one method
against another, when using the same hardware environment
to process a single pair of images to yield an intermediate
frame. It reveals the general practical usability of a given
method and, thus, its potential for generating a result in
“real-time”.

Temporal stability of strokes: this is used to objectively
quantify the coherence of individual strokes across-frame(s),
as well as the amount of high-frequency flicker present in
the stroke particulate. Temporal stability is represented here
using three separate measures:
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Temporal Consistency Measure (TCM): this measure rep-
resents the mean values of the structural similarity (SSIM)
among strokes within the stroke mask region following
interface alignment using optical flow methods;

Perceptual Flicker Distance (as quantified using LPIPS-
T): quantifies the cumulative amount of time between corre-
sponding points in three sequential images as assessed using
VGG-16 perceptual feature sets with high discriminative ca-
pabilities for texture changes that are perceptible to humans;

Temporal Structural Similarity (SSIM-temporal): this
measure assesses the last known local structural preservation
of each pixel within the stroke dominant mask region
between approximately three sequentially captured images.

C. EXPERIMENTAL ENVIRONMENT AND PARAMETER
CONFIGURATION

The configuration of both the hardware and software sys-
tems that are utilized in the experiment can be found
in Table 1. The hardware environment is based on an
Intel Xeon Gold 6226R processor along with an NVIDIA
RTX 3090 graphics card (24GB of VRAM) and 128GB of
RAM. The software environment is based on the Ubuntu
20.04 operating system, using PyTorch 1.12 as the deep
learning framework, with CUDA version 11.6, and cuDNN
(CUDA Deep Neural Network library) enabled to accelerate
convolution operations.

The generator network uses a U-Net structure as its basic
framework. Both the encoder and decoder parts contain
six symmetrical downsampling and upsampling stages, and
spatial detail information is transferred between correspond-
ing scales through skip connections. The multi-scale style
encoder is built based on a pre-trained VGG-19 network, se-
lecting convl_1, conv2_1, conv3_1, conv4_1, and conv5_1
as feature extraction layers. To balance the contribution of
different receptive fields, the style loss weights of each layer
are uniformly set as follows:

wy = é, lel (30)
L represents the feature layer set.

During the training phase, the Adam optimizer is used to
update the generator parameters. The initial learning rate is
set to 1 x 10~%, and decays to 1 X 102 after the 100th
epoch. The batch size is set to 8, and the total number of
training epochs is 200. The weights of the hyperparameters
in the loss function are determined by grid search, and the
final configuration is as follows: reconstruction loss weight
Arec = 1.0, geometric constraint weight Ase, = 0.5, and
style constraint weight Asty. = 0.1. In the post-processing
optimization phase, the spatial smoothing parameter of the
anti-aliasing algorithm is set to 04 = 1.2, and the color
edge preservation parameter is set to o, = 0.05. The color
correction module divides the image into 64 x 64 pixel
image blocks, and the overlap ratio between blocks is set
to 0.25. The above parameter configurations are fine-tuned
on the WikiArt training set using a 5-fold cross-validation
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strategy, and the final values minimize the overall loss on
the validation set.

IV. EXPERIMENTAL RESULTS ANALYSIS AND
DISCUSSION

A. ANALYSIS OF MOTION SMOOTHNESS AND OPTICAL
FLOW ERROR

On 30 video sequences in the DAVIS 2023 test set, the
average endpoint error and optical flow error of the proposed
method are calculated compared with those of two repre-
sentative baseline algorithms, RIFE and SoftSplat. During
evaluation, the real intermediate frames in the original con-
tinuous frames are used as a reference, and the differences
in optical flow fields between the frames generated by each
method and the real frames are included in the statistics.

The quantification results are shown in Table 2. The
proposed method achieved an average error of 1.47 pixels in
the AEE index, a 22.2% reduction compared to RIFE’s 1.89
pixels and a 14.5% reduction compared to SoftSplat’s 1.72
pixels. Regarding optical flow error, the proposed method
achieved an average angular deviation of 8.34°, compared
to 10.61° for RIFE and 9.87° for SoftSplat, representing
relative reductions of 21.4% and 15.5%, respectively. All
of these numerical differences are statistically significant in
the paired t-test at a significance level of a = 0.05.

RIFE and SoftSplat rely entirely on convolutional net-
works to implicitly learn motion cues from pixel data when
predicting optical flow. When encountering non-realistic
textures such as oil paintings or watercolors, the random
distribution of brushstroke particles and color gradients are
easily misinterpreted as motion edges, causing the optical
flow field to diffuse and break at the object’s contour, thus
increasing the global average error. In contrast, the proposed
method extracts a pure geometric skeleton independent of
the underlying texture through Bézier curve vectorization,
and uses the expected edge map KEjqr4e¢ generated by
interpolation of this skeleton as the supervision signal for
the geometric constraint term Lgc,. During training, the
generator is forced to learn to align the displacement of the
edge region with the interpolated skeleton, ensuring that the
optical flow prediction remains compact and continuous at
the motion boundary. The integration of forward-backward
optical flow consistency checking and occlusion-aware in-
painting significantly reduces texture tearing artifacts in
scenes with fast motion and extreme occlusion, as the
generator relies on learned style priors rather than unreliable
optical flow estimates to synthesize content in occluded
regions. Directional deviation is a major contributor to
optical flow erroneous measurements and thus, a 21.4%
decrease shows an improvement in generator accuracy when
predicting the direction of brushstroke contour resulting in
less shift due to texture interference in the motion direction.

B. ARTISTIC STYLE FEATURE FIDELITY EVALUATION
It quantitatively examines the style fidelity of the intermedi-
ate frames generated from the WikiArt digital art dataset’s
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TABLE 1. Experimental Environment and Key Hyperparameter Configuration

Category Parameter Value / Specification

Hardware CPU(Central Processing Unit) Intel Xeon Gold 6226R

Hardware GPU(Graphics Processing Unit) NVIDIA RTX 3090 (24 GB VRAM)
Hardware RAM(Random Access Memory) 128 GB

Software OS(Operating System) Ubuntu 20.04

Software Framework PyTorch 1.12

Software CUDA / cuDNN 11.6 / Enabled

Generator Backbone

Style Encoder

Feature Layers

Style Loss Weights (w;)
Optimizer

Initial Learning Rate
Learning Rate Decay

Batch Size

Total Epochs

Reconstruction (Ay-cc)
Geometric Constraint (Ageo)
Style Constraint (As¢y1e)
Temporal Constraint (A¢ermp)
Remap Constraint (Ar-emap)
Anti-aliasing: o4 /0

Network Architecture
Network Architecture
Network Architecture
Network Architecture
Training Settings
Training Settings
Training Settings
Training Settings
Training Settings

Loss Function Weights
Loss Function Weights
Loss Function Weights
Loss Function Weights
Loss Function Weights
Post-processing
Post-processing

Validation Strategy

Color Correction: Patch Size / Overlap

U-Net (6 encoder/decoder stages, skip connections)
Pre-trained VGG-19

convl_1, conv2_1, conv3_1, conv4_1, conv5_1
1/5 (uniform across layers)

Adam

1x107%

1 x 10~2 (after epoch 100)

8

200

1

0.5

0.1

0.3

0.2

1.2/ 0.05

64 x 64 /0.25

5-fold cross-validation on WikiArt training set

TABLE 2. Comparison of Motion Smoothness Measurements

Method AEE(pixel) Optical Flow Error(°)
RIFE 1.89 10.61
SoftSplat 1.72 9.87
Ours 1.47 8.34

test subset. It compares these generated intermediate frames
to those created by three baseline algorithms (RIFE, Soft-
Splat, and EbSynth) by employing two evaluation metrics:
Fréchet Inception Distance (FID) and Structural Similarity
Index (SSIM). FID measures the agreement between the
distribution of the generated intermediate frames and its
original art source in the deep feature space (i.e., feature
representations at the image’s pixel level), while SSIM
measures the similarity (at the local structural level) of a
generated intermediate frame with a real intermediate frame.

All of the quantitative evaluation results can be seen
in Table 3. The proposed method generated intermediate
frames with a mean FID of 15.6, which is 44.9%, 41.6%,
and 30.4% lower than those generated using RIFE (28.3),
SoftSplat (26.7), and EbSynth (22.4), respectively. Similarly,
the proposed method achieved a mean SSIM of 0.94, which
is higher than RIFE (0.82), SoftSplat (0.85), and EbSynth
(0.89), corresponding to relative improvements of 14.6%,
10.6%, and 5.6%, respectively. The above results indicate
that the proposed method significantly outperforms the
baseline in maintaining visual consistency of artistic style.

RIFE and SoftSplat prioritize pixel-level reconstruction
accuracy during training, tending to linearly blend col-
ors and textures between adjacent frames during frame
interpolation. This results in reduced edge sharpness of
brushstrokes and smoothing of the three-dimensional ef-
fect of pigment stacking into uniform color blocks. While
EbSynth attempts to preserve stylistic features through a
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TABLE 3. Comparison of Quantitative Measurements of Artistic Style Fidelity

Method FID SSIM

RIFE 28.3 0.82
SoftSplat ~ 26.7 0.85
EbSynth 22.4 0.89
Ours 15.6 0.94

keyframe style transfer mechanism, its block-matching syn-
thesis method is prone to texture tearing and repetitive
patterns in non-rigid deformation areas. In contrast, the
proposed method directly applies style constraints to the
Gram matrix difference measure of the VGG-19 multi-scale
feature layers. The Gram matrix encodes the correlation
structure between feature channels, independent of pixel
spatial location. Therefore, L4y forces generated frames
to maintain consistent texture statistics with the original
work across different receptive fields. Shallow Gram ma-
trix constraints maintain the microscopic orientation and
density distribution of brushstrokes, while deep Gram ma-
trix constraints ensure stylistic consistency in global color
layout and semantic regions. The semantic-region-weighted
style averaging mechanism preserves intentional style vari-
ations between keyframes, preventing the ghosting effect
and generic texture artifacts that would result from simple
arithmetic averaging of global Gram matrices. The spatially
weighted Gram matrix constraint resolves the conflict be-
tween global texture statistics and local motion requirements
by dynamically adjusting the style constraint strength based
on local motion amplitude, ensuring that temporal coherence
is prioritized in moving regions while style fidelity is
maintained in static regions.
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TABLE 4. Quantitative Comparison of Pen Stroke Timing Stability

Method TCM  LPIPS-T  SSIM-temporal
RIFE 0.71 0.087 0.78
SoftSplat  0.76 0.071 0.82
EbSynth 0.81 0.063 0.85
Ours 0.89 0.042 0.91

C. STABILITY ANALYSIS OF BRUSHSTROKE TIMING

To quantitatively evaluate the ability of the proposed method
to suppress high-frequency flicker between brush strokes,
three temporal consistency metrics are introduced on the
WikiArt test set: Temporal Consistency Metric (TCM), de-
fined as the mean structural similarity between the generated
frame and the target frame within the brush stroke mask re-
gion after adjacent frames are aligned by optical flow warp-
ing; Perceptual Flicker Distance (LPIPS-temporal), which
calculates the cumulative temporal difference between three
consecutive frames based on VGG-16 perceptual features,
and this metric has higher discriminative power for texture
jumps that are sensitive to human vision; and Temporal
Structural Similarity (SSIM-temporal), which calculates the
local structural preservation of adjacent frames in the brush
stroke-dominated region to verify the inter-frame coherence
of the geometric skeleton.

The quantization results are shown in Table 4. The current
method achieves significantly higher values for all metrics
examined compared with existing solutions. Specifically:
1) TCM improves from RIFE’s 0.71 to 0.89 by 25.4%,
SoftSplat’s 0.76 to 0.89 (17.1%), and EbSynth’s 0.81 to
0.89 (9.9%); 2) LPIPS-temporal drops from the average
of the three methods to the lowest value 0.042; and 3)
SSIM-temporal achieves a value of 0.91 and verifies that the
structure of the stroke skeleton is stable throughout dynamic
transitions in time. Lowering of the stroke density field p and
transparency « by strictly aligning them with respect to/in
relation to one another after applying optical flow distortion
has created a temporary rigid temporal penalty in the low-
motion area thus breaking the connection between texture
flickering caused by random sampling. The integration of
thin-plate spline transformations and texture diffusion terms
significantly improves the handling of complex non-rigid
deformations, ensuring that fluid-like brushstroke behaviors
such as watercolor bleeds are accurately reproduced in the
animated sequence.

D. COMPARISON OF SINGLE-FRAME INFERENCE TIME
AND PARAMETER QUANTITY FOR EACH ALGORITHM

Using an equivalent hardware setup, it measures the single-
frame inference speed of the technique relative to RIFE
(the most efficient deep learning method), SoftSplat, and
EbSynth; the measurement is based on the separating out
only the time required for pure inference (i.e. input image
pair -> output intermediate frame), whereas data loading
and post-processing times do not factor into the results. The
WikiArt test dataset comprised 1000 image pairs; each pair
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is measured 10 times to account for potential variability
caused by fluctuations in the performance of the hardware
on which the tests are conducted.

The results of the quantification are displayed in Fig-
ure 4. The average single-frame inference times for the
system (28.6 ms), RIFE (36.3 ms), SoftSplat (41.7 ms),
and EbSynth (52.4 ms) are as follows. Accordingly, the
proposed system demonstrated a 21.2% reduction compared
to RIFE, while it claimed a 45.4% advantage relative to
EbSynth. Additionally, in terms of model complexity, the
proposed generator network contains 4.2M parameters; in
contrast, RIFE has 9.8M parameters, while SoftSplat pos-
sesses 7.5M parameters. Since EbSynth’s block-matching
algorithm lacks any parameters eligible for training, it is
omitted from this analysis.

The efficiency advantage stems from two design deci-
sions. First, the generator network employs a lightweight U-
Net structure, replacing some standard convolutional layers
with depthwise separable convolutions, significantly reduc-
ing floating-point computation while maintaining receptive
field coverage. Second, both the vectorized stroke extraction
described in Section 2.1 and the post-processing module
described in Section 2.5 are implemented using non-iterative
parsing algorithms, running in parallel on the CPU and
overlapping with the GPU inference pipeline without ad-
ditional critical path time. In contrast, RIFE and SoftSplat
rely on multiple optical flow iterations for refinement, while
EbSynth requires full tile matching search for each output
frame; all three have significantly higher computational
loads than the method presented in this paper.

E. ABLATION EXPERIMENTS: PERFORMANCE

CONTRIBUTION ANALYSIS OF EACH MODULE

To quantify the independent contribution of each key com-
ponent in the proposed method to the final performance,
all variants are independently trained and tested under a
unified dataset partition, training protocol, and hyperparam-
eter configuration to ensure the fairness and reproducibil-
ity of the comparison results. Based on the full model,
ablation variants are constructed: wW/0 Lycmp: removes the
temporal constraint loss, retaining only geometric, style, and
remapping constraints; w/0 Ly.emqp: Temoves the motion-
guided remapping loss, retaining only geometric, style,
and temporal constraints; w/o Both: removes both L;c,,,
and Lyepmap, retaining only basic geometric and style con-
straints; Baseline: trained using only the pixel reconstruction
loss L,.. as a lower bound reference for performance.
The purpose of this paper is to provide a more accurate
measurement of the actual benefit from using the post-
processing optimization feature described in Section 2.5
because this similarity adds to its validity. A model that does
not use post-processing has been created to use the same
configuration and multi-constraint model during training
but skips over the adaptive anti-aliasing and local colour
correction phases after generating the final output images.
Four primary metrics are used during the test phase to
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FIGURE 4. Bar chart comparing single-frame inference time and parameter
count for each algorithm

quantitatively evaluate the images created with and without
using a post-processing feature. FID measures how well an
image preserves the style (fashion) from the input image.
AEE measures how fluid an object’s movement appears
on the screen. TCM measures how consistent an object’s
strokes appear over time. LPIPS-T measures how much an
object appears to be flickering. The measurement area of
TCM and LPIPS-T will be strictly limited to the area of
the mask used to generate the strokes as this is done in an
attempt not to allow for any contribution of the background
to be included in either metric.

Quantification is displayed in Table 5. The complete
model produced optimum results on all four measurements
and thus demonstrated that the multi-constraint collaborative
design is a viable method of design. The Baseline variance
using only the pixel reconstruction loss L,.., as the bottom
boundary for performance, is the least performing across
all measurements, having a TCM = 0.61 and LPIPS-T
= 0.112. This demonstrates that relying solely on pixel-
level regression cannot resolve the issues of temporal jitter
and style degradation in brushstrokes. The independent
contributions of each constraint module analyzed below are
as follows:

The independent contribution of the temporal constraint
Liemp: After eliminating Lyep,p, the TCM dropped from
0.89 to 0.73. The LPIPS-T increased from 0.042 to 0.081,
while FID and AEE remained relatively stable. The primary
way that L,,, suppresses high-frequency flickering of the
individual brushstroke particles is by forcing the density
field p and the transparency field « to be aligned after
optical flow distortion. Without this constraint, the generator
degenerates to frame-by-frame independent optimization,
and thus cannot effectively suppress the effects of random
sampling noise; the result is a severe degradation in temporal
consistency.

Impact of Lyemap’s independent contribution: A removal
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of Lyemap leads to the AEE dropping from 1.47 pixels to
2.05 pixels. The TCM and LPIPS-T remain fairly constant
throughout the entire experiment. With the L,¢pqp con-
straint in place, the D (orientation field) and T (thickness
field) are used jointly to combine with a motion heatmap
mask attenuation technique to allow for brushstroke flow
along an intelligent nonlinear trajectory within non-linear
motion regions. Without this constraint, the only means
of guiding the generator with pixel-to-pixel optical flow at
simple translation will ultimately create textures that tear
and brushstrokes misalign at the motion boundaries, as such
this represents a significant increase in motion error.

Through cooperative dual-module collaboration, the re-
moval of both Liep,p and Lyemap yielded for a total set of
four decimated metrics. The overall decline in these metrics
illustrates that the two constraints operate on the orthogo-
nal dimensions of “temporal texture stability” and “spatial
motion following”. The individual absence of either module
will cause significant degradation in the specific dimension
of system performance being represented. Only through
mutual collaboration can both overscale static fidelity, and
overscale dynamic smoothness.

Verification of the necessity of the basic modules: Fur-
ther observation of the ablation results of the geometric
constraint Ly, and the style constraint L. reveals that
when L., is missing, AEE increases from 1.47 pixels to
2.13 pixels, primarily ensuring the continuity of the skele-
ton structure; when L. is missing, FID increases from
15.6 to 26.1, primarily maintaining the fidelity of texture
statistics. Furthermore, the w/o Post-processing variant is
almost on par with the full model in four core metrics (FID
only changed from 15.6 to 16.8), indicating that the post-
processing optimization module in Section 2.5 contributes
relatively little to the evaluation metrics at the deep feature
level. Its main value lies in eliminating visible jagged edges
and color deviations, further enhancing the visual detail of
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TABLE 5. Quantitative Comparison of Ablation Experiments

Model Variant FID AEE (pixel) TCM LPIPS-T
Full Model 15.6 1.47 0.89 0.042
w/o Liemp 159 1.48 0.73 0.081
wlo Lyemap 16.1 2.05 0.88 0.043
w/o Both (Liemp + Lremap) 21.4 2.31 0.69 0.095
w/o Geometric Constraint (L geo) 24.7 2.13 0.87 0.044
w/o Style Constraint (Ls¢yie) 26.1 1.52 0.88 0.043
Baseline (Lycc) 324 2.67 0.61 0.112
w/o Post-processing 16.8 1.47 0.89 0.042

the image.

V. CONCLUSION

This paper addresses three core challenges in digital art
image animation compositing: loss of temporal coherence of
brushstroke particles, brushstroke misalignment in moving
areas, and degradation of stylistic details. It proposes an
animation compositing technique based on optical flow-
guided brushstroke registration and dual-domain adaptive
constraints. The construction of a unified technical frame-
work for the modeling of brushstroke attributes, the encod-
ing of style features and the guidance of motion deforma-
tion has resolved a major contradiction: How to maintain
both the fidelity of static art texture and the natural flow
of dynamic brushstrokes. The methodology models brush-
strokes as separate macroscopic drawing units that work to-
gether to extract their geometrical shapes and their density-
transparency attribute fields. High-frequency flickering is
suppressed at its source through the use of rigid temporal
constraints in the static portion of the brushstroke area.
A motion heatmap mask attenuation technique has been
developed that allows for each brushstroke to intelligently
follow the artist as they draw and for the brushstrokes to be
naturally redrawn under complex motion using local affine
deformation. The use of multi-scale VGG-19 style encoding
ensures that the artistic texture of every image frame pro-
duced using this technique is identical. Experimental results
demonstrate that, in comparison to previous methods such
as RIFE, the proposed method results in a 25.4% increase
in temporal consistency, 51.7% reduction in perceived flick-
ering distance, 1.47 pixels endpoint average error and 15.6
FID, along with a 21.2% decrease in single frame inference
time compared to RIFE. Ablation experiments confirm that
there is a beneficial synergy resulting from the combination
of the various modules. This technique has many potential
applications within a digital illustration animation context.
Future studies will enhance the capability of this technique
to produce extremely non-rigid motion and will expand its
use in creating long sequence imagery.
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