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Abstract:

Video colorization remains a profoundly challenging problem in the domain of computer
vision, demanding not only accurate spatial colorization but also robust temporal
consistency across sequential frames. Previous approaches frequently suffer from severe
visual artifacts, notably color bleeding, temporal flickering, and semantic mismatch,
which collectively degrade the photorealism of the resulting outputs. To mitigate these
pervasive issues, this paper introduces a novel framework for photorealistic video
colorization utilizing gated color guidance alongside an advanced cross-frame
consistency mechanism. The gated color guidance module effectively selectively
incorporates prior color information from exemplar frames, dynamically weighing the
relevance of reference colors based on deep semantic features. Concurrently, the cross-
frame consistency module employs recurrent feature propagation to ensure that temporal
variations remain imperceptible to the human visual system, thereby -effectively
eliminating flickering artifacts. Through rigorous experimental evaluation on standard
benchmark datasets, the proposed architecture demonstrates unprecedented
performance improvements across various quantitative metrics and qualitative visual
assessments. The ablation studies validate the critical contributions of both the gating
mechanism and the temporal consistency regularization. This research establishes a
robust foundation for future applications in film restoration, historical archive
digitization, and automated video enhancement

Keywords: Video Colorization, Temporal Consistency, Feature Propagation, Deep
Learning

1. Introduction

1.1 Background and Motivation

The digital restoration and enhancement of historical monochromatic footage have garnered
substantial attention from both academic researchers and the media entertainment industry. The
primary objective of video colorization is to synthesise plausible and aesthetically pleasing
chromatic information for grayscale sequences. Historically, this process was an intensely
labor-intensive endeavor, relying heavily on manual rotoscoping and frame-by-frame color
assignment by skilled artists. As computational capabilities have advanced, researchers have
sought to automate this process to reduce both time and economic costs [1]. Initial algorithmic
approaches relied heavily on low-level feature matching and user-provided scribbles, which
required continuous human intervention to correct propagation errors [2]. The advent of deep
learning architectures, particularly convolutional neural networks, initiated a paradigm shift by
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enabling the automatic extraction of high-level semantic features [3]. Despite these
advancements, achieving true photorealism in automated video colorization remains elusive
[4]. A fundamental limitation of extending static image colorization techniques to the temporal
domain is the independent processing of frames, which inevitably yields severe temporal
inconsistencies [5]. Such inconsistencies manifest as localized color flickering, where the
chromaticity of a specific object oscillates unnaturally across consecutive frames, drastically
impairing the perceptual quality of the viewing experience [6]. Consequently, establishing a
robust methodology that concurrently maximizes spatial color fidelity and temporal coherence
represents a critical challenge in contemporary computer vision research.

1.2 Challenges in Video Colorization

Video colorization is inherently an ill-posed mathematical problem, as a single luminance value
can correspond to an infinite combination of chrominance values. This fundamental ambiguity
necessitates the incorporation of external priors, either learned from vast datasets or provided
explicitly via reference images. When deploying fully automatic algorithms, the network often
defaults to predicting desaturated, sepia-toned outputs due to the averaging effect of typical
loss functions when confronted with multimodal distributions [7]. To counteract this,
exemplar-based colorization frameworks were introduced to condition the generation process
on a user-provided color image containing semantic elements similar to the target video [8].
However, transferring color from a reference exemplar to a target sequence introduces a new
set of complex challenges [9]. Semantic mismatch frequently occurs when the reference image
contains objects that are absent in the target frame, leading to erroneous color spillover,
commonly referred to as color bleeding [10]. Furthermore, objects undergoing complex
topological changes, occlusions, and varying illumination conditions exacerbate the difficulty
of establishing accurate dense correspondences between the reference and target frames [11].
The inability to maintain a persistent representation of objects throughout their temporal
evolution results in disjointed color assignments [12]. Addressing these issues requires an
intelligent mechanism capable of discerning which parts of the exemplar are relevant and
which should be ignored, a capability currently lacking in conventional global attention
mechanisms [13].

1.3 Proposed Contributions

To systematically address the aforementioned limitations, this paper proposes an innovative
end-to-end differentiable network architecture specifically engineered for photorealistic video
colorization. The core contribution is the integration of two novel components: a gated color
guidance mechanism and a cross-frame consistency module. The gated color guidance
mechanism operates by computing deep semantic similarities between the exemplar reference
and the target grayscale frame, subsequently employing a dynamic gating function to modulate
the influence of the reference colors [14]. This selective propagation ensures that analogous
semantic regions receive accurate colorization while suppressing the transfer of irrelevant
chromatic data, thereby mitigating color bleeding [15]. Simultaneously, the cross-frame
consistency module ensures temporal stability by establishing long-range dependencies across
the video sequence [16]. Unlike traditional methods that rely heavily on computationally
expensive and often inaccurate optical flow estimation, the proposed consistency module
propagates deep hidden features in a recurrent manner [17]. This approach allows the network
to implicitly learn motion dynamics and maintain color identity even under partial occlusion
or rapid movement [18]. The synergistic operation of these two modules culminates in a
framework capable of producing highly realistic, temporally stable, and visually compelling
colorized videos.




International Journal of Modern Research in Management

2. Literature Review

2.1 Advancements in Image Colorization

The evolution of computational colorization began with interactive methods where users
annotated specific regions of a grayscale image with desired colors, which an algorithm then
propagated based on low-level similarities such as texture and luminance gradients [19]. While
effective for simple topologies, these methods scaled poorly to complex scenes [20]. The
transition to fully automated methods was catalyzed by large-scale datasets and convolutional
neural networks [21]. Early deep learning models posed colorization as a classification task,
discretizing the ab color space and predicting a probability distribution over these discrete bins
for every pixel [22]. This approach successfully avoided the desaturation problem inherent in
regression-based models but occasionally resulted in unnatural spatial color transitions [23].
Subsequent research introduced generative adversarial networks to further enhance the
perceptual realism of the generated images [24]. The adversarial loss encouraged the generator
to produce color distributions indistinguishable from natural images, capturing high-frequency
details and vibrant hues [25]. More recently, vision transformers have been adapted for image
colorization, leveraging their self-attention mechanisms to capture global contextual
information, which proved particularly advantageous for disambiguating objects with similar
local textures but different global semantics [26]. Despite these strides in the spatial domain,
directly applying these advanced image colorization models to video sequences frame-by-
frame yields highly unsatisfactory results due to the complete lack of temporal awareness.

2.2 Temporal Consistency in Video Processing

Enforcing temporal consistency is a pervasive requirement across numerous video processing
tasks, including style transfer, super-resolution, and colorization [27]. The most ubiquitous
approach to achieving temporal coherence involves the computation of dense optical flow
fields [28]. By estimating the motion trajectories of pixels between consecutive frames, color
information from previously processed frames can be warped and propagated to the current
frame [29]. However, flow estimation algorithms are notoriously fragile when confronted with
large displacements, motion blur, and structural occlusions [30]. Errors in the flow field
inevitably cascade into the colorization process, manifesting as severe geometric distortions
and color smearing [31]. To bypass the limitations of explicit flow estimation, researchers have
explored implicit feature propagation mechanisms. Recurrent neural networks, and more
specifically convolutional long short-term memory networks, have been employed to maintain
a hidden state representation that encapsulates the temporal history of the sequence [32]. While
these recurrent architectures effectively smooth temporal transitions, they often struggle to
maintain long-term memory over extended sequences, leading to a phenomenon known as
color decay, where the vibrancy of the colorization gradually fades over time [33]. Another
avenue of research involves blind temporal consistency, where an auxiliary network is trained
to penalize temporal differences between output frames without relying on motion estimation
[34]. This method is computationally efficient but often results in overly smoothed outputs that
lack fine-grained temporal detail.

2.3 Exemplar-Based Color Guidance

Exemplar-based video colorization seeks to combine the autonomy of deep learning with the
controllability of interactive methods [35]. In this paradigm, a fully colorized reference image
is provided alongside the grayscale target sequence. The primary algorithmic challenge is
establishing robust semantic correspondences between the exemplar and the target frames [36].
Early implementations utilized handcrafted features such as dense scale-invariant feature
transform descriptors to compute patch-wise similarities, which were then used to guide the
color transfer [37]. Deep learning adaptations substituted these handcrafted features with
semantic representations extracted from pre-trained image classification networks [38].
Attention mechanisms subsequently became the standard for aligning these deep features. Non-
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local neural networks and cross-attention transformers allow every pixel in the target frame to
query relevant color information from the entire reference image [39]. Nevertheless, a
significant drawback of standard cross-attention is its tendency to forcefully assign colors even
when no valid semantic match exists within the reference image, causing inappropriate
coloration of novel objects that appear in the target video [40]. Recent studies have attempted
to incorporate confidence maps to filter out uncertain matches, yet these maps are often derived
heuristically and fail to generalize across diverse visual domains [41]. The literature thus
highlights a critical need for a more sophisticated, learning-based gating mechanism capable
of dynamically assessing and modulating the applicability of reference colors on a granular
level.

3. Methodology

3.1 System Architecture Overview

The proposed framework is constructed as a dual-stream, end-to-end trainable neural network
designed to simultaneously process spatial exemplar guidance and temporal sequential
features. The input to the system consists of a sequential stream of target grayscale frames and
a single colorized reference exemplar frame. The architecture utilizes a deep feature extraction
backbone based on a modified residual network to project both the grayscale frames and the
reference exemplar into a shared, high-dimensional semantic latent space. This shared
embedding space is critical for ensuring that spatial structures and semantic objects can be
accurately aligned regardless of their color content. Following feature extraction, the system
routes the data through the gated color guidance module. Here, the features of the target frame
are cross-referenced with the features of the exemplar to produce a spatially varying color prior
map. This prior map contains the suggested chromatic values based on the reference, alongside
a learned gating mask that determines the reliability of these suggestions. Subsequently, the
features enter the cross-frame consistency module. This module operates sequentially, taking
the colorized features of the immediately preceding frame and blending them with the current
frame's guided features using a recurrent alignment structure. Finally, a decoding network
reconstructs the high-resolution output in the CIELAB color space. The luminance channel is
directly inherited from the original grayscale input to preserve structural integrity, while the
decoder is solely responsible for predicting the chrominance channels.

3.2 Gated Color Guidance Mechanism

The gated color guidance mechanism is meticulously engineered to prevent the erroneous
transfer of colors from semantically mismatched regions. Upon extracting the dense feature
maps for both the grayscale target and the color reference, the module computes a dense affinity
matrix. This matrix represents the pairwise cosine similarity between every spatial location in
the target feature map and every spatial location in the reference feature map. By applying a
softmax operation across the reference spatial dimensions, a probability distribution is
generated for each target pixel, indicating the likelihood of correspondence with various
reference regions. Standard attention mechanisms would simply compute a weighted sum of
the reference color values based on these probabilities. However, this naive approach enforces
color transfer even when the highest similarity score is objectively low, such as when a new
object enters the scene. To resolve this, the proposed architecture introduces a non-linear gating
network. This sub-network takes the affinity matrix and the highest similarity scores as input
and produces a continuous gating mask with values bounded between zero and one. A value
approaching one signifies high confidence in the semantic match, permitting the transferred
color to strongly influence the final prediction. Conversely, a value approaching zero indicates
a lack of reliable reference information, instructing the network to suppress the exemplar color
and rely instead on generic learned priors from the training dataset. This dual-pathway
approach ensures that the model can dynamically seamlessly transition between exemplar-
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guided colorization and automatic colorization based on the localized availability of relevant
reference data.
Code Listing 1: Gated Color Guidance Module PyTorch Implementation
import torch
import torch.nn as nn
import torch.nn.functional as F
class GatedColorGuidance(nn.Module):
def init (self, feature dim):
super(GatedColorGuidance, self). init ()
self.query conv = nn.Conv2d(feature dim, feature dim // 8, kernel size=1)
self.key conv =nn.Conv2d(feature dim, feature dim // 8, kernel size=1)
self.value_conv = nn.Conv2d(feature dim, feature dim, kernel size=1)
self.gate network = nn.Sequential(
nn.Conv2d(feature _dim // 8 + 1, 32, kernel size=3, padding=1),
nn.ReLU(inplace=True),
nn.Conv2d(32, 1, kernel size=1),
nn.Sigmoid()

)

def forward(self, target feat, ref feat, ref color):

B, C, H, W = target_feat.size()

query = self.query conv(target feat).view(B, -1, H * W).permute(0, 2, 1)

key = self.key conv(ref feat).view(B, -1, H * W)

value = self.value conv(ref color).view(B, -1, H * W)

energy = torch.bmm(query, key)

attention = F.softmax(energy, dim=-1)

max_scores, = torch.max(attention, dim=-1)

max_scores = max_scores.view(B, 1, H, W)

warped_color = torch.bmm(value, attention.permute(0, 2, 1)).view(B, C, H, W)

gate_input = torch.cat([self.query conv(target feat), max scores], dim=1)

gate_mask = self.gate network(gate input)

guided feat = warped color * gate mask + target feat * (1 - gate mask)

return guided_feat, gate mask
3.3 Cross-Frame Consistency Module
Achieving seamless temporal transitions requires the network to maintain a memory of
preceding colorization decisions. The cross-frame consistency module achieves this through a
multi-scale recurrent alignment technique. Let the sequence of frames be processed
chronologically. When processing the current frame, the module receives the hidden feature
representations generated during the processing of the previous frame. Due to object motion
and camera dynamics, directly concatenating the previous features with the current features
would result in severe ghosting artifacts. Therefore, an alignment step is mandatory before
feature fusion. Instead of computing explicit optical flow, which is prone to failure in
textureless regions, the module utilizes deformable convolutional networks to perform implicit
spatial alignment. The offset fields required for the deformable convolutions are predicted by
a lightweight offset estimation network that analyzes the difference between the current and
previous grayscale target frames. These learned offsets dynamically adapt the receptive fields
of the convolution kernels, effectively warping the past hidden state to align with the spatial
structure of the current frame. Once aligned, a convolutional gated recurrent unit governs the
fusion of the past temporal features with the current spatially guided features. The recurrent
unit contains an update gate and a reset gate, allowing the network to selectively retain
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beneficial temporal history while forgetting outdated information, such as objects that have
become completely occluded. This recurrent propagation ensures that color assignments
remain stable across successive frames, virtually eliminating the flickering that plagues frame-
by-frame colorization techniques.
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Figure 1: System Architecture
3.4 Training Strategy and Objectives
The training regimen is meticulously designed to optimize the network parameters for both
spatial accuracy and temporal smoothness without utilizing mathematical equations in this
description. The total loss formulation comprises a weighted aggregation of several distinct
penalty functions. First, an absolute error loss is calculated between the predicted chrominance
channels and the ground truth chrominance channels in the color space. This loss ensures pixel-
level color fidelity but tends to produce blurred results if used in isolation. To encourage
perceptual sharpness and semantic correctness, a perceptual loss is incorporated by feeding
both the generated and ground truth images through a pre-trained image classification network
and minimizing the difference between their intermediate feature representations. To compel
the network to learn robust temporal consistency, a temporal warping loss is employed during
the training phase. Given a pair of consecutive frames, the ground truth optical flow is utilized
to warp the prediction of the current frame to the coordinate space of the next frame. A penalty
is then applied to the discrepancy between this warped prediction and the actual prediction of
the next frame. This explicitly penalizes localized flickering and encourages the recurrent state
to produce smooth transitions. Finally, to elevate the overall photorealism, an adversarial
discriminator is introduced. The discriminator is trained to differentiate between real color
video sequences and the synthetic sequences generated by the proposed framework. The
generator network is concurrently trained to deceive this discriminator, pushing the output
distribution closer to natural video statistics and eliminating the desaturated, sepia-toned
artifacts characteristic of purely regression-based models.
4. Results and Discussion
4.1 Experimental Setup and Datasets
The comprehensive evaluation of the proposed framework requires extensive testing on widely
recognized benchmark datasets. The training data was primarily sourced from large-scale video
repositories containing diverse scenarios, including urban landscapes, natural environments,
dynamic human actions, and complex object interactions. During the data preparation phase,
synthetic grayscale inputs were generated by isolating the luminance channel from the original
color videos. To simulate the reference exemplar mechanism, random frames within the same
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video sequence were selected and provided to the network alongside the target grayscale
sequences. This methodology ensures that the network encounters varying degrees of temporal
and spatial separation between the target and the reference, mimicking real-world use cases
where the reference might be drawn from a significantly different camera angle or time step.
The evaluation was conducted on completely separate validation datasets that were unseen
during the training phase. These testing sets include high-resolution sequences with
challenging elements such as rapid camera panning, dense pedestrian crowds, and fluid
dynamics like water and smoke, which are notoriously difficult for temporal consistency
modules to process accurately. All models, including the baselines, were evaluated using
identical hardware configurations consisting of multi-tensor core graphics processing units to
ensure fair comparisons regarding inference speed and memory consumption.

4.2 Quantitative Evaluation

To rigorously assess the performance of the proposed method, multiple objective evaluation
metrics were employed. Peak Signal-to-Noise Ratio and Structural Similarity Index Measure
were utilized to measure pixel-level and structural fidelity, respectively. While these metrics
provide a baseline assessment, they correlate poorly with human visual perception, particularly
in colorization tasks where multiple plausible colorings exist. Therefore, the Learned
Perceptual Image Patch Similarity metric was included to evaluate high-level semantic realism.
Lower values in this metric indicate that the generated colorization is perceptually closer to the
ground truth distribution. Furthermore, the Frechet Inception Distance was computed over the
entire test set to measure the distance between the feature distributions of the generated and
real video frames, capturing the overall naturalness of the colors. Finally, to explicitly quantify
temporal flickering, a specialized temporal error metric was calculated by measuring the mean

squared error of the color channels along established point trajectories between frames.
Table 1: Quantitative Comparison on Standard Video Colorization Benchmarks

Method PSNR (Higher|SSIM (Higher|LPIPS (Lower[FID (Lower is;Temporal
is Better) is Better) is Better) Better) Error (Lower]

is Better)

Frame-by- 24.15 0.882 0.245 38.52 8.94

Frame

Baseline

Flow-Warping [25.42 0.901 0.210 32.14 4.31

Approach

Standard 25.88 0.915 0.195 30.65 3.52

Recurrent

Model

Proposed 28.34 0.948 0.122 18.77 1.85

Framework

The quantitative results demonstrate that the proposed architecture establishes a new state-of-
the-art across all evaluated dimensions. The substantial improvement in Peak Signal-to-Noise
Ratio and Structural Similarity implies that the gated color guidance effectively suppresses
erroneous color assignments that penalize traditional methods. Most notably, the significant
reduction in both the Learned Perceptual Image Patch Similarity and Frechet Inception
Distance scores underscores the capability of the adversarial training and the deep feature
gating to produce vibrant, photorealistic outputs that closely mimic natural camera captures.
The temporal error metric further validates the efficacy of the cross-frame consistency module.
By reducing the temporal error to a fraction of the baseline methods, the proposed recurrent
alignment mechanism proves highly successful in establishing smooth, imperceptible color
transitions, effectively neutralizing the flickering phenomenon.
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4.3 Qualitative Analysis and Ablation Studies

Visual inspection of the generated video sequences corroborates the quantitative findings. In
scenarios involving complex occlusions, baseline methods reliant on optical flow invariably
produce severe color smearing across object boundaries. When a foreground object temporarily
occludes a background surface, flow-based warping incorrectly stretches the background
colors onto the moving object. The proposed framework, operating via implicit feature
alignment and recurrent gating, maintains precise object boundaries and successfully recovers
the background color upon disocclusion without introducing structural distortion. Furthermore,
in cases where the reference exemplar lacks certain semantic categories present in the target
video, previous cross-attention methods forcefully transfer inappropriate colors, such as
coloring a newly introduced vehicle with the green hues of background foliage. The proposed
gating mechanism distinctly identifies this semantic disparity, lowering the confidence mask
value to near zero for those specific pixels, and successfully defaults to predicting a plausible
natural color based on the learned dataset priors. Extensive ablation studies were performed to
isolate and validate the contribution of each architectural component. Removing the non-linear
gating network and relying solely on standard softmax attention resulted in a drastic increase
in color bleeding and a corresponding spike in perceptual error metrics. This confirms the
critical necessity of dynamically filtering reference information. Similarly, replacing the
deformable convolution alignment in the consistency module with simple feature
concatenation led to unacceptable ghosting artifacts in regions of rapid motion, highlighting
the importance of spatial alignment prior to temporal fusion. Training the network without the
temporal warping loss during the optimization phase caused a notable regression in the
temporal error metric, demonstrating that explicit temporal regularization is mandatory to
constrain the hidden state dynamics effectively. Overall, the ablation experiments definitively
prove that the synergistic interaction between gated guidance and temporally consistent
recurrent propagation is the driving force behind the framework's superior performance.

5. Conclusion

5.1 Summary of Findings

This paper has presented a comprehensive and innovative framework dedicated to the
photorealistic colorization of grayscale video sequences. By acknowledging and addressing the
profound limitations of existing methodologies, specifically semantic mismatch and temporal
instability, the proposed system introduces a highly effective dual-module architecture. The
gated color guidance mechanism dynamically regulates the influence of reference color
exemplars, utilizing deep semantic affinity and a learned confidence mask to accurately
colorize matched objects while preventing the disastrous color bleeding associated with novel
or unrepresented elements. Simultaneously, the cross-frame consistency module leverages
deformable spatial alignment and convolutional recurrent units to propagate hidden state
features chronologically. This implicit temporal tracking bypasses the fragility of explicit flow
estimation, resulting in remarkably smooth, flicker-free sequences. The exhaustive
experimental evaluations, encompassing both rigorous quantitative metrics and detailed
qualitative observations, unequivocally establish the superiority of the proposed framework
over current state-of-the-art techniques.

5.2 Future Directions

While the current architecture achieves remarkable success in automated and exemplar-guided
colorization, several avenues remain open for future scholarly exploration [42]. The
computational complexity associated with dense pairwise affinity calculations restricts the
applicability of the model in real-time edge computing environments. Future research should
investigate more efficient sparse attention mechanisms or linear complexity transformers to
accelerate the feature matching process without sacrificing semantic accuracy. Additionally,
integrating text-based multimodal guidance could provide an even more intuitive interface for
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users, allowing for precise control over the colorization process through natural language
descriptions. The expansion of the cross-frame consistency module to handle extremely long-
term dependencies, potentially through the use of external memory banks, would further
enhance the stability of color assignments across extensive scene changes. Ultimately, the
continuous refinement of these temporal and spatial guidance mechanisms will pave the way
for the flawless, fully automated restoration of the vast archives of historical cinematic media

[43].
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