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Abstract:
  

Video
 

colorization
 

is
 

an
 

important
 

technique
 

to
 

breathe
 

life
 

back
 

into
 

old
 

movies.
 

While
 

current
 

colorization
 

methods
 

work
 

well
 

on
 

still
 

images
 

and
 

low-motion
 

video
 

data,
 

they
 

often
 

struggle
 

with
 

complex
 

dynamic
 

scenes.
 

To
 

address
 

this
 

problem,
 

this
 

study
 

proposes
 

ColorAlignNet,
 

a
 

reference-based
 

video
 

colorization
 

network
 

with
 

temporal
 

aggregation.
 

The
 

network
 

uses
 

source-reference
 

attention
 

to
 

propagate
 

color
 

information
 

from
 

reference
 

frames
 

to
 

grayscale
 

frames,
 

guaranteeing
 

color
 

accuracy,
 

and
 

uses
 

deformable
 

convolution
 

to
 

align
 

features
 

of
 

adjacent
 

frames
 

to
 

enhance
 

temporal
 

consistency.
 

Finally,
 

we
 

use
 

the
 

cyclic
 

transformer
 

module
 

to
 

reconstruct
 

the
 

final
 

prediction
 

results.
 

Extensive
 

experimental
 

results
 

demonstrate
 

that
 

ColorAlignNet
 

achieves
 

excellent
 

performance
 

on
 

the
 

DAVIS
 

and
 

Videvo
 

datasets,
 

outperforming
 

other
 

state-of-the-art
 

methods
 

on
 

both
 

the
 

learned
 

perceptual
 

image
 

patch
 

similarity
 

(LPIPS)
 

and
 

color
 

distribution
 

consistency
 

(CDC)
 

metrics.
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0　 Introduction
Video

 

colorization
 

is
 

a
 

rapidly
 

growing
 

field,
 

widely
 

used
 

in
 

film
 

restoration,
 

historical
 

material
 

enhancement,
 

and
 

creative
 

media
 

production,
 

which
 

has
 

attracted
 

a
 

lot
 

of
 

attention.
 

By
 

turning
 

grayscale
 

lenses
 

into
 

color,
 

video
 

colorization
 

has
 

breathed
 

life
 

back
 

into
 

archival
 

videos,
 

making
 

them
 

more
 

appealing
 

to
 

modern
 

audiences.
 

In
 

recent
 

years,
 

a
 

large
 

number
 

of
 

methods
 

for
 

image
 

colorization[1-4]
 

have
 

been
 

proposed,
 

and
 

remarkable
 

progress
 

has
 

been
 

made.
 

Compared
 

with
 

still
 

images,
 

video
 

colorization
 

faces
 

unique
 

challenges
 

due
 

to
 

its
 

temporal
 

consistency.
 

The
 

main
 

goal
 

is
 

to
 

ensure
 

the
 

temporal
 

consistency,
 

achieve
 

vivid
 

natural
 

colors,
 

and
 

maintain
 

color
 

stability
 

in
 

a
 

variety
 

of
 

visual
 

conditions.
In

 

general,
 

two
 

video
 

colorization
 

methods
 

have
 

been
 

proposed
 

to
 

solve
 

the
 

above
 

problems.
 

The
 

first
 

method
 

is
 

to
 

consider
 

temporal
 

consistency
 

in
 

a
 

colorization
 

network,
 

which
 

requires
 

a
 

more
 

complex
 

network
 

structure
 

and
 

greater
 

domain
 

knowledge.
 

For
 

example,
 

fully
 

automatic
 

video
 

colorization
 

(FAVC) [5]
 

proposes
 

a
 

variety
 

of
 

self-regularization
 

methods
 

for
 

automatic
 

video
 

colorization.
 

However,
 

the
 

method
 

places
 

too
 

much
 

emphasis
 

on
 

temporal
 

consistency,
 

which
 

results
 

in
 

less
 

favorable
 

color
 

vividness.
 

In
 

the
 

context
 

of
 

the
 

video
 

colorization
 

framework,
 

while
 

temporal
 

consistency
 

is
 

undoubtedly
 

a
 

crucial
 

aspect,
 

it
 

is
 

not
 

the
 

only
 

determining
 

factor
 

in
 

achieving
 

compelling
 

visual
 

results.
 

The
 

second
 

method
 

is
 

to
 

color
 

the
 

gray
 

video
 

frame
 

by
 

frame[6-9] ,
 

and
 

then
 

post-process
 

the
 

color
 

result.
 

This
 

method
 

can
 

achieve
 

good
 

temporal
 

consistency.
 

However,
 

due
 

to
 

the
 

differences
 

in
 

color
 

information
 

between
 

adjacent
 

frames,
 

the
 

post-processing
 

phase
 

is
 

essentially
 

equivalent
 

to
 

the
 

reconstruction
 

of
 

the
 

color
 

video
 

frames
 

in
 

the
 

output.
 

This
 

can
 

lead
 

to
 

significant
 

differences
 

between
 

the
 

predicted
 

results
 

and
 

the
 

colorization
 

results,
 

making
 

the
 

results
 

uncontrollable.
In

 

order
 

to
 

solve
 

the
 

conflict
 

between
 

colorization
 

performance
 

and
 

temporal
 

consistency,
 

we
 

propose
 

a
 

colorization
 

network,
 

ColorAlignNet,
 

based
 

on
 

the
 

convolutional
 

neural
 

network
 

(CNN)
 

and
 

transformers[10]
 

of
 

reference
 

frames.
 

The
 

network
 

also
 

belongs
 

to
 

frame-
by-frame

 

colorization
 

methods.
 

Unlike
 

traditional
 

post-
processing

 

networks,
 

it
 

improves
 

temporal
 

consistency
 

and
 

enhances
 

controllability
 

by
 

introducing
 

temporal
 

alignment
 

and
 

color
 

transfer
 

strategies.
 

Specifically,
 

for
 

the
 

colorization
 

problem,
 

we
 

design
 

a
 

color
 

distribution
 

network,
 

ColorPreb.
 

The
 

network
 

uses
 

a
 

source-reference
 

attention[6]
 

to
 

make
 

grayscale
 

video
 

frames
 

pay
 

close
 

attention
 

to
 

the
 

color
 

of
 

the
 

reference
 

frames,
 

and
 

supports
 

input
 

of
 

different
 

numbers
 

of
 

reference
 

frames,
 

which
 

is
 

very
 

helpful
 

for
 

specific
 

colorization
 

tasks.
For

 

the
 

temporal
 

inconsistency
 

problem
 

that
 

is
 

common
 

in
 

video
 

tasks,
 

we
 

design
 

a
 

temporal
 

aggregation
 

network,
 

FlexAlign,
 

using
 

deformable
 

convolution[11] .
 

The
 

network
 

aligns
 

the
 

features
 

of
 

adjacent
 

frames
 

to
 

the
 

current
 

frame
 

very
 

well.
 

Unlike
 

feature
 

alignment
 

49



methods
 

that
 

use
 

optical
 

flow[12] ,
 

deformable
 

convolution
 

uses
 

fewer
 

computational
 

resources
 

and
 

has
 

better
 

results
 

in
 

processing
 

large
 

moving
 

video
 

data.
 

To
 

compensate
 

for
 

the
 

loss
 

of
 

feature
 

alignment
 

and
 

colorization,
 

ColorAlignNet
 

uses
 

Swin-transformer[10]
 

to
 

compensate
 

for
 

unaligned
 

depth
 

features
 

through
 

self-attention.
We

 

have
 

extensively
 

evaluated
 

our
 

method
 

on
 

the
 

DAVIS[13]
 

and
 

Videvo[14]
 

datasets
 

and
 

found
 

that
 

our
 

method
 

has
 

more
 

favorable
 

results
 

and
 

outputs
 

more
 

satisfying
 

video
 

frames
 

compared
 

to
 

existing
 

methods.
 

In
 

addition,
 

ColorAlignNet
 

using
 

reference
 

frames
 

means
 

that
 

our
 

model
 

is
 

more
 

controllable
 

compared
 

to
 

fully
 

automatic
 

colorization
 

methods,
 

which
 

is
 

helpful
 

when
 

we
 

want
 

to
 

produce
 

satisfactory
 

results
 

in
 

a
 

specific
 

colorization
 

task.
The

 

main
 

contributions
 

of
 

this
 

study
 

are
 

as
 

follows.
1)

 

We
 

propose
 

a
 

reference-based
 

video
 

colorization
 

network,
 

ColorAlignNet,
 

which
 

colorizes
 

grayscale
 

videos
 

using
 

reference
 

color
 

frames.
 

Through
 

the
 

designed
 

ColorPrep
 

module,
 

the
 

network
 

extracts
 

key
 

color
 

information
 

from
 

the
 

reference
 

frames.
 

It
 

accurately
 

transfers
 

this
 

information
 

to
 

the
 

target
 

grayscale
 

frames,
 

generating
 

color
 

videos
 

with
 

temporal
 

consistency.
2)

 

We
 

design
 

a
 

temporal
 

feature
 

aggregation
 

network
 

based
 

on
 

deformable
 

convolution
 

to
 

replace
 

traditional
 

optical
 

flow[12]
 

alignment.
 

This
 

method
 

aligns
 

features
 

between
 

adjacent
 

frames
 

more
 

robustly.
 

It
 

avoids
 

errors
 

caused
 

by
 

large
 

motion,
 

occlusion,
 

or
 

edge
 

discontinuities,
 

improving
 

temporal
 

consistency
 

in
 

video
 

colorization.
3)

 

The
 

network
 

also
 

integrates
 

a
 

Swin
 

transformer-
based[10]

 

reconstruction
 

module
 

to
 

capture
 

wider
 

contextual
 

information.
 

This
 

module
 

ensures
 

structural
 

consistency
 

and
 

color
 

continuity
 

across
 

frames.
 

It
 

alleviates
 

color
 

drift
 

and
 

flicker
 

in
 

dynamic
 

scenes,
 

improving
 

video
 

restoration
 

and
 

enhancement.

1　 Methodology

By
 

inputting
 

grayscale
 

video
 

frames
 

and
 

reference
 

frames,
 

the
 

entire
 

process
 

of
 

our
 

method
 

is
 

performed
 

in
 

CIE-Lab
 

space
 

for
 

channels
 

a
 

and
 

b.
 

The
 

goal
 

is
 

to
 

obtain
 

color
 

video
 

frames
 

with
 

good
 

vividness
 

and
 

temporal
 

consistency.
1. 1　 ColorPrep

We
 

design
 

a
 

color
 

pre-processing
 

module,
 

ColorPrep,
 

using
 

source-reference
 

attention[6] .
 

By
 

calculating
 

the
 

similarity
 

between
 

the
 

grayscale
 

frame
 

and
 

reference
 

frame
 

features,
 

the
 

attention
 

mechanism
 

dynamically
 

selects
 

the
 

most
 

relevant
 

color
 

information
 

for
 

propagation.
First,

 

for
 

a
 

given
 

grayscale
 

frame,
 

we
 

use
 

it
 

and
 

the
 

reference
 

frame
 

as
 

inputs
 

for
 

color
 

propagation,
 

and
 

the
 

method
 

accepts
 

an
 

arbitrary
 

number
 

of
 

reference
 

color
 

frames,
 

which
 

the
 

model
 

uses
 

as
 

cues
 

during
 

the
 

colorization
 

process.
 

The
 

input
 

to
 

the
 

source-reference
 

attention
 

consists
 

of
 

two
 

volumetric
 

feature
 

maps
 

of
 

different
 

lengths,
 

one
 

representing
 

the
 

grayscale
 

frame
 

and
 

the
 

other
 

representing
 

the
 

reference
 

frame,
 

allowing
 

the
 

model
 

to
 

capture
 

the
 

non-local
 

similarity
 

between
 

the
 

grayscale
 

frame
 

and
 

the
 

reference
 

frame.
Specifically,

 

given
 

consecutive
 

grayscale
 

video
 

frames
 

X = {x1,
 

x2,
 

…,
 

xn},
 

where
 

x t ∈ RHx
 ×

 

Wx
 ×

 

Cx
  

denotes
 

the
 

tth
 

frame,
   

H × W
 

denotes
 

the
 

spatial
 

dimensions,
 

C
 

represents
 

the
 

number
 

of
 

channels,
 

and
 

the
 

reference
 

video
 

frame
 

Z = { z1,
 

z2,
 

…,
 

zm},
 

where
 

z t ∈ RHz
 ×

 

Wz
 ×

 

Cz .
  

We
 

use
 

a
 

convolutional
 

encoder
 

to
 

map
 

the
 

grayscale
 

video
 

frame
  

x t
 and

 

the
 

reference
 

video
 

frame
 

zt   to
  H
16

 

×
 W
16

 

spatial
 

resolution
 

after
 

four
 

downsamplings.
 

The
 

architecture
 

of
 

ColorAlignNet
 

is
 

shown
 

in
 

Fig. 1.
 

As
 

shown
 

in
 

Fig. 1,
 

ColorAlignNet
 

is
 

divided
 

into
 

three
 

core
 

parts:
 

a)
 

ColorPrep;
 

b)
 

FlexAlign;
 

c)
 

ReFrameNet.
 

Passing
 

the
 

preprocessed
 

feature
 

maps
 

into
 

the
 

ColorPrep
 

network,
 

we
 

aim
 

to
 

propagate
 

the
 

color
 

information
 

in
 

the
 

reference
 

frame
 

to
 

the
 

grayscale
 

frames
 

through
 

an
 

attention
 

mechanism.
 

The
 

attention
 

layer
 

LSR
 

can
 

be
 

defined
 

as
LSR = z2 + γd(x1·softmax( z2,

 

x1)), (1)
where

 

γ ∈ R
 

is
 

a
 

learnt
 

parameter;
 

d
 

represents
 

a
 

norm
 

function.

E1,
 

E2—
 

two
 

convolutional
 

encoders;
 

C—concatenation;
 

M—mask;
 

Conv
 

layers—convolutional
 

layers;
  

Ft,
 

Ft-1—feature
 

maps
 

at
 

time
 

t
 

and
 

t-1,
 

respectively;
 

Mt—mask
 

at
 

time
 

t;
 

S
 

t-1—state
 

feature
 

at
 

time
 

t-1;
 

E(·)—function
 

of
 

the
 

convolutional
 

encoder;
 

F—aligned
 

temporal
 

feature
 

map.
Fig. 1　 Architecture

 

of
 

ColorAlignNet
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1. 2　 FlexAlign
Different

 

from
 

the
 

traditional
 

conventional
 

feature
 

alignment
 

by
 

optical-flow[12] ,
 

FlexAlign
 

utilizes
 

deformable
 

convolution[11]
 

to
 

complete
 

the
 

feature
 

alignment
 

and
 

aggregation
 

operations.
 

Specifically,
 

given
 

an
 

input
 

feature
 

map
 

F t +i,
 

i ∈ [ - k,
 

k],
  

with
 

k
 

being
 

the
 

distance
 

between
 

the
 

current
 

frame
 

and
 

adjacent
 

frames.
 

To
 

generate
 

the
 

required
 

aligned
 

feature
 

map,
 

we
 

use
 

bilinear
 

interpolation[15]
 

to
 

perform
 

× 2
 

upsampling
 

(×
 

2
 

up)
 

on
 

the
 

high-dimensional
 

feature
 

map
  

F t
 after

 

ColorPrep
 

preprocessing
 

and
 

colorization.
 

In
 

the
 

process
 

of
 

alignment,
 

the
 

offsets
  

Δpn
 are

 

obtained
 

through
 

a
 

convolutional
 

layer
 

that
 

learns
 

adaptively
 

from
 

input
 

features,
 

the
  

Δpn
 allows

 

the
 

convolutional
 

kernel
 

to
 

dynamically
 

adjust
 

its
 

sampling
 

point
 

positions
 

during
 

feature
 

alignment,
 

and
 

it
 

can
 

be
 

defined
 

as
Δpn = f([F t +1,

 

F t]),
 

i ∈ [ - k,
 

k], (2)

where
 

[·,
 

·]
 

denotes
 

the
 

concatenation
 

operation.
Figure

 

2
 

illustrates
 

the
 

frame
 

alignment
 

process
 

by
 

deformable
 

convolution.
 

Given
 

a
 

preprocessed
 

color
 

frame
 

F t,
 

the
 

frame
 

at
 

time
 

t+i
 

is
 

aligned
 

to
 

frame
 

t
 

by
 

deformable
 

convolution.
 

As
 

shown
 

in
 

Fig. 2,
 

after
 

obtaining
 

Δpn,
 

it
 

is
 

applied
 

to
 

the
 

adjacent
 

frames
  

F t +i,
 

i ∈ [ - k,
 

k],
  

and
 

a
 

convolution
 

is
 

performed
 

on
 

the
 

aligned
 

adjacent
 

frames
 

to
 

output
 

the
 

final
 

aligned
 

feature
 

map
 

F′t +i,
 

with
 

the
 

expression
 

as

　 F′t +i = ∑
n

n = 1
w(pn)·F t +i(pn + Δpn) + b(pn),

 

(3)

where
 

ω(pn)
 

represents
 

the
 

weight
 

at
 

position
 

k;
 

b(pn)
  

is
 

the
 

learnable
 

parameter.
 

Next,
 

we
 

feed
 

the
 

learned
 

offset
 

and
 

the
 

aligned
 

reference
 

feature
 

map
 

of
 

this
 

layer
  

F′t +i
 into

 

the
 

upsampled
 

feature
 

map.
 

The
 

offset
 

for
 

this
 

layer
 

is
 

not
 

only
 

derived
 

from
 

the
 

two
 

input
 

feature
 

maps
 

of
 

this
 

layer,
 

but
 

also
 

from
 

the
 

offset
 

of
 

the
 

previous
 

layer.
 

Moreover,
 

the
 

aligned
 

feature
 

map
 

output
 

by
 

this
 

layer
 

depends
 

not
 

only
 

on
 

the
 

output
 

of
 

the
 

deformable
 

convolution
 

of
 

this
 

layer
 

but
 

also
 

on
 

the
 

aligned
 

feature
 

map
 

of
 

the
 

previous
 

layer.
 

The
 

specific
 

expressions
 

are
Δp′t +i = h([F t +i↑,

 

F t↑],
 

Δpn↑), (4)

F″t +i = g(D(F t +1,
 

Δp′t +i),
 

F′t +i↑), (5)

where
 

↑
 

represents
 

× 2
 

upsampling
 

using
 

bilinear
 

interpolation;
  

D(·)
 

represents
 

deformable
 

convolution;
 

g(·)
  

and
  

h (·)
 

represent
 

regular
 

convolution.
 

Repeat
 

this
 

operation
 

to
 

send
 

the
 

aligned
 

feature
 

map
 

of
 

the
 

current
 

layer
 

to
 

the
 

next
 

layer,
 

thereby
 

obtaining
 

the
 

next
 

aligned
 

feature
 

map
  

Ff
t+i .

After
 

three
 

stages
 

of
 

feature
 

alignment
 

across
 

different
 

dimensions,
 

to
 

further
 

focus
 

the
 

adjacent
 

frames
 

on
 

the
 

features
 

of
 

the
 

current
 

frame,
 

we
 

perform
 

another
 

alignment
 

on
 

the
 

feature
 

maps
 

F t+i
 and

  

Ff
t+i

 after
 

two
 

rounds
 

of
 

×
 

2
 

upsampling
 

to
 

get
 

the
 

final
 

aligned
 

features
 

Ff
t+i

 ′,
 

further
 

refining
 

the
 

aligned
 

features.
 

Performing
 

deformable
 

convolution
 

on
 

different
 

feature
 

maps
 

results
 

in
 

more
 

complex
 

transformations,
 

allowing
 

FlexAlign
 

to
 

learn
 

how
 

to
 

align
 

adjacent
 

frames
 

to
 

the
 

current
 

frame
 

under
 

complex
 

conditions.

DConv—deformable
 

convolution.
Fig. 2　 Frame

 

alignment
 

by
 

deformable
 

convolution

1. 3　 ReFrameNet
During

 

the
 

process
 

of
 

colorization
 

and
 

feature
 

alignment,
 

we
 

have
 

problems
 

such
 

as
 

color
 

propagation
 

errors
 

and
 

loss
 

of
 

edge
 

detail,
 

which
 

can
 

lead
 

to
 

the
 

generation
 

of
 

less
 

desirable
 

shading
 

results.
 

To
 

address
 

these
 

problems,
 

we
 

propose
 

a
 

transformer-based
 

image
 

reconstruction
 

network,
 

ReFrameNet.
 

Specifically,
 

in
 

order
 

to
 

further
 

learn
 

the
 

time
 

information,
 

the
 

result
 

of
 

FlexAlign
 

processing
 

Ff
t+i′

 

is
 

connected
 

with
 

the
 

previously
 

recovered
 

color
 

frames
 

st-1  

to
 

calculate
 

the
 

soft
 

mask
 

between
 

the
 

current
 

frame
 

and
 

the
 

previous
 

frame.
 

The
 

current
 

frame
 

and
 

the
 

time
 

prior
 

are
 

weighted
 

and
 

mixed
 

to
 

combine
 

the
 

information
 

of
 

different
 

time
 

frames
 

smoothly.
 

The
 

soft
 

mask
 

computing
 

network
 

M t
 is

 

denoted
 

as

M t = M[F f
t +i′,

 

D( s t -1,
 

F f
t +i)],

 

(6)

d t = M t·F f
t +i + (1 - M t)·F f

t +i′, (7)

where
 

d t
 indicates

 

the
 

result
 

of
 

aggregating
 

the
 

temporal
 

priori
 

and
 

the
 

current
 

frame.
After

 

aggregating
 

the
 

temporal
 

information
 

of
 

preceding
 

frames,
 

we
 

reconstruct
 

the
 

results
 

into
 

vivid
 

and
 

temporally
 

consistent
 

color
 

frames.
 

Considering
 

the
 

local
 

receptive
 

field
 

of
 

CNNs,
 

which
 

limits
 

their
 

ability
 

to
 

model
 

global
 

context
 

and
 

long-range
 

pixel
 

dependencies,
 

we
 

utilize
 

an
 

efficient
 

transformer
 

network
 

for
 

reconstruction.
 

Specifically,
 

we
 

adopt
 

the
 

Swin-
transformer[10] ,

 

which
 

employs
 

a
 

sliding
 

window
 

attention
 

mechanism.
 

This
 

divides
 

the
 

input
 

feature
 

map
 

into
 

multiple
 

local
 

windows
 

and
 

computes
 

attention
 

within
 

each
 

window,
 

significantly
 

reducing
 

computational
 

costs.
 

To
 

address
 

the
 

limitation
 

of
 

local
 

window
 

attention
 

in
 

capturing
 

global
 

dependencies,
 

a
 

shifted
 

window
 

mechanism
 

enables
 

cross-window
 

interactions
 

and
 

smooth
 

information
 

flow.
 

More
 

specifically,
 

the
 

feature
 

map
 

is
 

divided
 

into
 

non-overlapping
  

N × N
 

windows,
 

within
 

69 ZHU
  

Wenzhi,
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which
 

tokens
 

are
 

projected
 

into
 

query
 

Q,
 

key
 

K,
 

and
 

value
 

V
 

by
 

using
 

multilayer
 

perceptrons
 

( MLPs) .
 

The
 

attention
 

is
 

then
 

calculated
 

as
 

Atten(Q,
 

K,
 

V) = Softmax(QKT / d + B)V, (8)
where

 

B
 

is
 

a
 

learnable
 

relative
 

position
 

embedding.
 

Through
 

the
 

operation
 

of
 

ReFrameNet,
 

we
 

succeeded
 

in
 

generating
 

the
 

desired
 

results,
 

and
 

the
 

effectiveness
 

of
 

our
 

module
 

would
 

be
 

specifically
 

analyzed
 

in
 

the
 

ablation
 

experiment.
1. 4　 Loss

 

function
To

 

better
 

constrain
 

the
 

model
 

training,
 

we
 

use
 

three
 

loss
 

functions,
  

L1
 

loss[16] ,
 

perceptual
 

loss[17]
 

and
 

discriminator
 

loss[18] ,
 

to
 

train
 

the
 

video
 

colorization
 

model.
 

The
  

L1
  

loss
 

is
 

used
 

to
 

directly
 

measure
 

the
 

pixel-
level

 

difference
 

between
 

the
 

generated
 

frames
 

and
 

the
 

real
 

frames
 

to
 

ensure
 

the
 

accuracy
 

of
 

the
 

generated
 

color;
 

the
 

perceptual
 

loss
 

is
 

computed
 

by
 

the
 

middle-layer
 

features
 

of
 

the
 

pre-trained
 

visual
 

geometry
 

group
 

(VGG)
 

network
 

to
 

ensure
 

that
 

the
 

generated
 

results
 

are
 

semantically
 

similar
 

to
 

the
 

real
 

frames
 

at
 

a
 

high
 

level;
 

the
 

discriminator
 

loss
 

helps
 

the
 

model
 

generate
 

more
 

realistic
 

video
 

frames
 

through
 

adversarial
 

training,
 

thus
 

improving
 

visual
 

quality.
 

Combining
 

these
 

three
 

loss
 

functions,
 

our
 

model
 

can
 

generate
 

high-quality
 

colorization
 

videos
 

while
 

maintaining
 

structural
 

consistency.
 

The
 

L1
  

loss
 

L1
 is

 

denoted
 

as

L1 = 1
T ∑

T

t = 1
x t - s t .

 

(9)

Perceptual
 

loss
  

Lperc:

Lperc = 1
T ∑

T

t = 1
 

∑
p∈P

λp Φp(x t) - Φp( s t) , (10)

where
 

Φp
 is

 

the
 

activation
 

value
 

of
 

the
 

pth
 

layer
 

of
 

the
 

pretrained
 

network;
 

λp
 is

 

the
 

weight
 

of
 

the
 

layer.
Discriminator

 

loss
 

Ldisc:

Ldisc = - [Ext
[lg

 

P(xt)] + Est
[lg(1 - P(st))]], (11)

where
  

P
 

is
 

a
 

function
 

of
 

the
 

discriminator,
 

which
 

outputs
 

the
 

probability
 

value
 

of
 

the
 

input
 

sample,
 

indicating
 

the
 

probability
 

that
 

the
 

sample
 

is
 

a
 

true
 

sample.
Full

 

objective 　 Combining
 

the
 

above
 

losses,
 

our
 

total
 

loss
 

function
 

Ltotal
 is

L total = λ1L1 + λpercLperc + λdiscLdisc, (12)

where
 

λ1,
 

λperc,
 

and
  

λdisc
  are

 

the
 

weights
 

of
 

L1,
 

Lperc,
 

and
 

Ldisc,
 

respectively.
With

 

the
 

Ltotal,
 

our
 

model
 

is
 

not
 

only
 

capable
 

of
 

accurate
 

color
 

recovery
 

at
 

the
 

pixel
 

level,
 

but
 

also
 

performs
 

well
 

in
 

terms
 

of
 

overall
 

visual
 

effect.
 

The
 

weights
 

are
 

separately
 

set
 

as
 

λ1 = 1,
 

λperc = 1,
 

λdisc =
0. 01,

  

which
 

are
 

experimentally
 

verified
 

to
 

effectively
 

balance
 

the
 

role
 

of
 

each
 

loss
 

in
 

the
 

training
 

process,
 

ensuring
 

that
 

the
 

generated
 

color
 

video
 

achieves
 

a
 

high
 

standard
 

of
 

detail
 

and
 

structure.

2　 Experiment
 

and
 

Analysis

Datasets　 To
 

train
 

and
 

evaluate
 

ColorAlignNet,
 

we
 

use
 

the
 

DAVIS[13]
 

and
 

Videvo[14]
 

datasets.
 

DAVIS
 

provides
 

finely
 

labelled
 

high-quality
 

videos
 

suitable
 

for
 

verifying
 

the
 

accuracy
 

of
 

the
 

model,
 

while
 

Videvo
 

contains
 

diverse
 

videos
 

of
 

realistic
 

scenes
 

to
 

enhance
 

the
 

generalisation
 

ability
 

of
 

the
 

model.
 

All
 

videos
 

are
 

scaled
 

to
 

384
 

×
 

224
 

pixels
 

to
 

balance
 

computational
 

efficiency
 

with
 

detail
 

preservation.
 

In
 

addition,
 

we
 

perform
 

grayscaling,
 

frame
 

sampling,
 

and
 

data
 

enhancement
 

to
 

ensure
 

the
 

robustness
 

and
 

performance
 

consistency
 

of
 

the
 

model
 

across
 

a
 

wide
 

range
 

of
 

scenes
 

and
 

video
 

qualities.
Evaluation

 

metrics　 1)
 

We
 

use
 

the
 

peak
 

signal-to-
noise

 

ratio
 

(PSNR) [19]
  

to
 

compare
 

the
 

difference
 

in
 

pixel
 

values
 

between
 

the
 

original
 

image
 

and
 

the
 

generated
 

image
 

to
 

measure
 

the
 

degree
 

of
 

image
 

distortion;
 

the
 

higher
 

the
 

PSNR
 

value,
 

the
 

less
 

distorted
 

the
 

image.
 

2)
 

We
 

use
 

the
 

structural
 

similarity
 

index
 

measure
 

(SSIM) [20]
 

to
 

simulate
 

human
 

perception
 

of
 

image
 

structure
 

to
 

assess
 

image
 

quality.
 

3 )
 

Learned
 

perceptual
 

image
 

patch
 

similarity
 

(LPIPS) [21]
 

is
 

used
 

to
 

compare
 

the
 

distance
 

between
 

the
 

original
 

image
 

and
 

the
 

generated
 

image
 

in
 

the
 

feature
 

space
 

to
 

assess
 

the
 

image
 

quality.
 

4)
 

Color
 

distribution
 

consistency
 

( CDC ) [22]
 

is
 

used
 

to
 

measure
 

the
 

color
 

distribution
 

consistency
 

between
 

the
 

original
 

video
 

and
 

the
 

colorization
 

video.
 

Implementation
 

details　 We
 

train
 

the
 

model
 

using
 

the
 

PyTorch
 

framework
 

on
 

a
 

machine
 

with
 

four
 

RTX-
3090

 

GPUs,
 

with
 

a
 

total
 

training
 

time
 

of
 

three
 

days.
 

The
 

entire
 

experiment
 

is
 

conducted
 

in
 

the
 

CIE-LAB
 

color
 

space
 

for
 

processing
 

video
 

frames,
 

which
 

helps
 

to
 

handle
 

luminance
 

and
 

color
 

information
 

more
 

naturally
 

and
 

accurately.
 

During
 

training,
 

we
 

use
 

the
 

default
 

Adam
 

optimizer
 

for
 

1
 

000
 

000
 

iterations.
 

The
 

Adam
 

configuration
 

parameters
 

are
 

β1 = 0. 9
 

and
 

β2 = 0. 999.
 

The
 

initial
 

learning
 

rate
 

is
 

set
 

to
 

2
 

×
 

10-4 .
 

The
 

batch
 

size
 

is
 

set
 

to
 

16.
To

 

enhance
 

the
 

model’s
 

generalization
 

ability
 

for
 

the
 

color
 

propagation
 

task,
 

we
 

introduce
 

a
 

data
 

augmentation
 

strategy
 

during
 

the
 

training
 

phase.
 

Before
 

inputting
 

the
 

deep
 

features
 

into
 

the
 

network,
 

we
 

artificially
 

add
 

Gaussian
 

noise
 

or
 

feature
 

noise
 

and
 

deliberately
 

weaken
 

the
 

color
 

information.
 

This
 

is
 

done
 

to
 

improve
 

the
 

model’s
 

robustness
 

and
 

color
 

restoration
 

ability
 

in
 

situations
 

where
 

color
 

information
 

is
 

missing
 

or
 

incomplete.
2. 1　 Comparisons

 

with
 

state-of-the-art
 

methods
We

 

have
 

compared
 

our
 

proposed
 

method
 

with
 

state-
of-the-art

 

methods,
 

including
 

fully
 

automatic
 

video
 

colorization[5,
 

23]
 

and
 

reference
 

frame-based
 

video
 

colorization[6-7,
 

24] .
 

The
 

quantitative
 

results
 

evaluated
 

on
 

the
 

DAVIS[13]
 

and
 

Videvo[14]
 

datasets
 

are
 

shown
 

in
 

Tables
 

1
 

and
 

2,
 

respectively.
 

The
 

best
 

items
 

and
 

the
 

second-best
 

items
 

are
 

highlighted
 

in
 

bold
 

and
 

underlined,
 

respectively;
 

↓
 

indicates
 

that
 

a
 

lower
 

evaluation
 

metric
 

value
 

corresponds
 

to
 

better
 

performance,
 

while
 

↑
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indicates
 

that
 

a
 

higher
 

evaluation
 

metric
 

value
 

corresponds
 

to
 

better
 

performance.
 

As
 

shown
 

in
 

Table
 

1,
 

in
 

the
 

DAVIS
 

dataset
 

evaluation
 

results,
 

ColorAlignNet
 

significantly
 

outperforms
 

the
 

most
 

advanced
 

methods
 

on
 

LPIPS
 

and
 

CDC
 

metrics,
 

including
 

scribble-based
 

video
 

colorization
 

network
 

( SVCNet ) [7]
 

and
 

temporally
 

consistent
 

video
 

colorization
 

( TCVC) [25] .
 

In
 

addition,
 

as
 

shown
 

in
 

Table
 

2,
 

ColorAlignNet
 

works
 

similarly
 

on
 

the
 

Videvo
 

dataset
 

to
 

the
 

DAVIS
 

dataset,
 

also
 

achieving
 

the
 

best
 

results
 

on
 

LPIPS
 

and
 

CDC,
 

and
 

is
 

better
 

than
 

most
 

methods
 

on
 

the
 

SSIM.

Table
 

1　 Results
 

on
 

DAVIS
 

dataset
Method PSNR↑ SSIM↑ LPIPS↓ CDC↓

DeepExemplar[24] 20. 63 0. 846 0. 325 4. 006
 

×
 

10-3

DeOldify[23] 23. 99 0. 885 0. 306 4. 901
 

×
 

10-3

DeepRemaster[6] 21. 95 0. 848 0. 354 5. 098
 

×
 

10-3

AutoColor[5] 24. 41 0. 915 0. 264 3. 734
 

×
 

10-3

TCVC[25] 25. 17 0. 921 0. 239 3. 649
 

×
 

10-3

SVCNet[7] 25. 71 0. 956 0. 257 4. 086
 

×
 

10-3

ColorAlignNet
 

(ours) 24. 96 0. 930 0. 216 3. 629
 

×
 

10-3

As
 

shown
 

in
 

Fig. 3,
 

our
 

proposed
 

ColorAlignNet
 

is
 

qualitatively
 

compared
 

with
 

different
 

methods
 

listed
 

in
 

Tables
 

1
 

and
 

2,
 

focusing
 

on
 

colorization
 

accuracy
 

and
 

temporal
 

consistency.
 

It
 

can
 

be
 

observed
 

that
 

the
 

DeOldify
 

method
 

exhibits
 

significant
 

color
 

fluctuations
 

between
 

frame
 

1
 

and
 

frame
 

208,
 

indicating
 

weak
 

temporal
 

consistency
 

constraints.
 

Although
 

AutoColor
 

and
 

DeepExemplar
 

emphasize
 

temporal
 

coherence,
 

their
 

colorization
 

results
 

tend
 

to
 

be
 

overly
 

uniform,
 

lacking
 

realistic
 

color
 

restoration.
 

TCVC
 

and
 

SVCNet
 

generate
 

visually
 

pleasing
 

colorized
 

frames
 

but
 

suffer
 

from
 

limited
 

controllability,
 

failing
 

to
 

accurately
 

learn
 

the
 

color
 

information
 

from
 

the
 

ground
 

truth.
 

Additionally,
 

the
 

reference-based
 

DeepRemaster
 

method
 

partially
 

captures
 

the
 

correct
 

colors
 

but
 

falls
 

short
 

in
 

details.
 

For
 

instance,
 

the
 

color
 

of
 

the
 

duck’s
 

beak
 

is
 

not
 

correctly
 

reproduced.
 

In
 

contrast,
 

our
 

proposed
 

ColorAlignNet
 

effectively
 

integrates
 

information
 

from
 

adjacent
 

frames
 

through
 

the
 

FlexAlign
 

module.
 

It
 

produces
 

vivid,
 

naturally
 

colorized
 

frames
 

that
 

are
 

visually
 

close
 

to
 

the
 

ground
 

truth,
 

clearly
 

demonstrating
 

its
 

superior
 

performance
 

in
 

video
 

colorization
 

tasks.

Table
 

2　 Results
 

on
 

Videvo
 

dataset
Method PSNR↑ SSIM↑ LPIPS↓ CDC↓

DeepExemplar 20. 63 0. 831 0. 348 2. 011
 

×
 

10-3

DeOldify 24. 31 0. 895 0. 325 3. 134
 

×
 

10-3

DeepRemaster 21. 88 0. 856 0. 358 3. 607
 

×
 

10-3

AutoColor 25. 90 0. 925 0. 277 1. 668
 

×
 

10-3

TCVC 25. 18 0. 929 0. 273 1. 629
 

×
 

10-3

SVCNet 26. 30 0. 961 0. 289 2. 704
 

×
 

10-3

ColorAlignNet
 

(ours) 25. 46 0. 958 0. 263 1. 509
 

×
 

10-3

Fig. 3　 Qualitative
 

comparison
 

with
 

different
 

video
 

colorization
 

methods
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2. 2　 Ablation
 

study
In

 

our
 

method,
 

color
 

propagation
 

is
 

performed
 

by
 

ColorPreb,
 

followed
 

by
 

post-processing
 

operations
 

with
 

FlexAlign
 

and
 

ReFrameNet.
 

In
 

the
 

ablation
 

study,
 

we
 

mainly
 

focus
 

on
 

the
 

impact
 

of
 

these
 

parts
 

on
 

the
 

whole
 

method.
 

Specifically,
 

we
 

conduct
 

ablation
 

experiments
 

from
 

the
 

following
 

four
 

aspects,
 

each
 

corresponding
 

to
 

a
 

specific
 

structure
 

setting
 

in
 

Table
 

3:
  

removing
 

the
 

temporal
 

prior
 

( structure
 

1 );
  

replacing
 

deformable
 

convolution
 

with
 

a
 

traditional
 

optical
 

flow
 

method
 

( structure
 

2);
  

substituting
 

the
 

transformer-based
 

structure
 

with
 

a
 

CNN
 

for
 

frame
 

reconstruction
 

( structure
 

3 );
  

replacing
 

ColorPrep
 

with
 

the
 

AdaIN
 

technique
 

for
 

color
 

transfer
 

(structure
 

4) .
 

The
 

results
 

for
 

each
 

setting
 

on
 

the
 

two
 

public
 

datasets,
 

DAVIS
 

and
 

Videvo,
 

are
 

summarized
 

in
 

Table
 

3.
 

Table
 

3　 Ablation
 

experiments
 

based
 

on
 

DAVIS
 

and
 

Videvo
 

datasets

Ablation
 

experiment
 

setting
DAVIS Videvo

PSNR↑ SSIM↑ LPIPS↓ CDC↓ PSNR↑ SSIM↑ LPIPS↓ CDC↓

Structure
 

1 23. 73 0. 921 0. 402 4. 225
 

×
 

10-3 24. 16 0. 939 0. 325 1. 807
 

×
 

10-3

Structure
 

2 23. 95 0. 915 0. 308 4. 128
 

×
 

10-3 25. 40 0. 943 0. 336 1. 913
 

×
 

10-3

Structure
 

3 24. 87 0. 934 0. 280 4. 357
 

×
 

10-3 25. 33 0. 946 0. 329 1. 746
 

×
 

10-3

Structure
 

4 24. 21 0. 913 0. 230 4. 323
 

×
 

10-3 24. 87 0. 913 0. 367 1. 514
 

×
 

10-3

ColorAlignNet
 

(ours) 24. 96 0. 930 0. 216 3. 629
 

×
 

10-3 25. 46 0. 958 0. 263 1. 509
 

×
 

10-3

Structure
 

1 　 We
 

introduce
 

a
 

temporal
 

prior
   

in
 

FlexAlign
 

to
 

enhance
 

correlation
 

between
 

adjacent
 

video
 

frames.
 

It
 

leverages
 

aligned
 

features
 

from
 

the
 

previous
 

stage
 

to
 

guide
 

temporal
 

consistency.
 

To
 

verify
 

its
 

effectiveness,
 

we
 

remove
 

this
 

temporal
 

prior
 

in
 

the
 

ablation
 

experiment.
 

FlexAlign
 

then
 

processes
 

features
 

from
 

only
 

the
 

current
 

stage
 

without
 

previous
 

alignment
 

results.
 

This
 

limits
 

temporal
 

awareness
 

and
 

weakens
 

color
 

consistency
 

across
 

frames.
 

Structure
 

2 　 In
 

the
 

FlexAlign
 

module,
 

we
 

originally
 

adopted
 

deformable
 

convolution[11]
 

to
 

handle
 

feature
 

alignment
 

under
 

large
 

motion
 

scenarios.
 

To
 

verify
 

its
 

effectiveness,
 

we
 

replace
 

it
 

with
 

an
 

optical-flow-
based[12]

 

alignment
 

method,
 

keeping
 

other
 

components
 

unchanged.
 

As
 

shown
 

in
 

Table
 

3,
 

our
 

model
 

declines
 

on
 

all
 

metrics
 

of
 

DAVIS
 

and
 

Videvo.
 

This
 

shows
 

that
 

deformable
 

convolution
 

can
 

better
 

adapt
 

to
 

data
 

characteristics
 

and
 

obtain
 

more
 

satisfactory
 

results
 

when
 

facing
 

complex
 

motion
 

scenes.
Structure

 

3　 In
 

ReFrameNet,
 

we
 

use
 

a
 

transformer-
based[10]

 

structure
 

for
 

frame
 

reconstruction,
 

leveraging
 

its
 

powerful
 

global
 

modeling
 

ability
 

to
 

capture
 

long-range
 

pixel
 

dependencies.
 

To
 

evaluate
 

the
 

necessity
 

of
 

the
 

transformer,
 

we
 

replace
 

it
 

with
 

a
 

U-Net-based
 

reconstruction
 

network[ 7]
 

and
 

assess
 

its
 

reconstruction
 

performance.
 

As
 

shown
 

in
 

Table
 

3,
 

CNN
 

maintains
 

the
 

same
 

level
 

of
 

PSNR
 

and
 

SSIM
 

metrics
 

compared
 

to
 

the
 

method
 

using
 

a
 

transformer.
 

But
 

because
 

CNN
 

lacks
 

the
 

ability
 

to
 

capture
 

global
 

dependencies
 

and
 

detailed
 

recovery,
 

LPIPS
 

and
 

CDC
 

score
 

significantly
 

lower.
 

This
 

suggests
 

that
 

CNN
 

has
 

more
 

difficulty
 

dealing
 

with
 

complex
 

visual
 

perception
 

and
 

color
 

consistency
 

issues.
Structure

 

4　 We
 

use
 

the
 

source-reference
 

attention-
based

 

ColorPrep
 

to
 

extract
 

semantically
 

consistent
 

color
 

information
 

from
 

the
 

reference
 

color
 

video
 

and
 

accurately
 

transfer
 

it
 

to
 

the
 

target
 

grayscale
 

frames.
 

To
 

evaluate
 

its
 

effectiveness,
 

we
 

replace
 

it
 

with
 

the
 

commonly
 

used
 

AdaIN[26]
 

method
 

in
 

image
 

colorization,
 

which
 

only
 

matches
 

the
 

mean
 

and
 

variance
 

of
 

the
 

color
 

distribution.
 

As
 

shown
 

in
 

Table
 

3,
 

all
 

indicators
 

have
 

decreased.
 

This
 

indicates
 

that
 

AdaIN
 

is
 

insufficient
 

for
 

precise
 

color
 

propagation
 

and
 

temporal
 

consistency,
 

confirming
 

the
 

superiority
 

of
 

source-reference
 

attention
 

in
 

video
 

colorization
 

tasks.
The

 

visualization
 

results
 

from
 

ablation
 

experiments
 

are
 

shown
 

in
 

Fig. 4.
 

It
 

can
 

be
 

seen
 

that
 

our
 

proposed
 

ColorAlignNet
 

achieves
 

the
 

best
 

and
 

most
 

correct
 

colorization
 

effect,
 

demonstrating
 

excellent
 

color
 

recovery.
 

This
 

fully
 

reflects
 

the
 

ability
 

of
 

ColorAlignNet
 

to
 

achieve
 

colorization
 

in
 

different
 

scenarios,
 

emphasizing
 

the
 

controllability
 

of
 

colorization
 

while
 

also
 

fully
 

learning
 

from
 

the
 

features
 

in
 

the
 

reference
 

frame.
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Fig. 4　 Visualization
 

results
 

from
 

ablation
 

experiments
 

with
 

different
 

settings

3　 Conclusions

This
 

study
 

presents
 

an
 

efficient
 

ColorAlignNet
 

model.
 

The
 

model
 

combines
 

reference
 

frame
 

guidance
 

with
 

temporal
 

consistency
 

processing
 

by
 

propagating
 

color
 

information
 

through
 

the
 

source-reference
 

attention
 

mechanism.
 

It
 

also
 

uses
 

a
 

feature
 

aggregation
 

module
 

based
 

on
 

deformable
 

convolution
 

to
 

align
 

the
 

features
 

of
 

adjacent
 

frames.
 

The
 

circulating
 

transformer
 

module
 

further
 

improves
 

the
 

vividness
 

of
 

color
 

recovery,
 

resolving
 

features
 

lost
 

during
 

colorization
 

and
 

feature
 

alignment.
 

ColorAlignNet
 

effectively
 

resolves
 

the
 

conflict
 

between
 

color
 

vividness
 

and
 

temporal
 

consistency
 

in
 

video
 

colorization.
 

The
 

method
 

has
 

been
 

extensively
 

validated
 

through
 

experiments
 

on
 

DAVIS
 

and
 

Videvo
 

datasets,
 

producing
 

compelling
 

results.
Future

 

work
 

mainly
 

involves
 

two
 

directions.
 

The
 

most
 

urgent
 

challenge
 

is
 

real-time
 

performance
 

improvement,
 

especially
 

for
 

large-scale
 

video
 

colorization
 

tasks.
 

As
 

video
 

resolution
 

and
 

length
 

increase,
 

optimizing
 

the
 

model’ s
 

speed
 

and
 

efficiency
 

becomes
 

essential.
 

Another
 

important
 

direction
 

is
 

handling
 

complex
 

and
 

dynamic
 

scenes.
 

This
 

includes
 

cases
 

with
 

fast
 

motion
 

or
 

extreme
 

lighting
 

conditions.
 

Extending
 

the
 

model’ s
 

capacity
 

in
 

these
 

areas
 

is
 

necessary
 

to
 

improve
 

robustness
 

and
 

adaptability.
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ColorAlignNet:
 

基于参考帧的时间聚合视频着色网络

朱文志1,
 

2, 王　 彤1,
 

2∗
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信息科学与技术学院, 上海
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摘　 要: 视频着色是一项为老旧视频注入新生命的技术。 尽管现有的着色方法在静态图像和低动态视频上

表现出色, 但它们通常难以处理复杂的动态场景。 为此, 本研究提出了一种基于参考帧的时间聚合视频着

色网络 ColorAlignNet。 该网络使用源-参考注意力机制, 将参考帧中的颜色信息有效传播至灰度帧, 确保

色彩还原的准确性。 同时, 通过设计基于可变形卷积的特征对齐模块, 对相邻帧进行特征对齐, 以提升时

序一致性。 最后, 结合循环 transformer 模块来重构最终的预测结果。 大量实验结果表明, ColorAlignNet 在
DAVIS 和 Videvo 数据集上取得了优异性能, 在感知图像块相似度 ( learned

 

perceptual
 

image
 

patch
 

similarity,
 

LPIPS)和色彩分布一致性 (color
 

distribution
 

consistency,
 

CDC)指标上均优于现有主流方法。
关键词:

  

可变形卷积; 视频着色; Swin-transformer
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