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This paper investigated how Neural Style Transfer can be adapted to render images in cinematic styles, focusing on lighting
and color distribution featured in movies by Wes Anderson and Tim Burton. Cinematic style lies between the domain of
non-photorealistic and photorealistic rendering, as the live-action movie frames can feature both elements from real-life
scenarios and artistic choices. In this study, using a self-curated film-based style dataset—in which each cinematic style was
represented by 14 reference frames from a single film—I implemented a multi-style transfer framework using Conditional
Instance Normalization. Two experiments were conducted: Experiment 1 used a single-frame style representation, whereas
Experiment 2 used an average Gram-matrix representation derived from all 14 frames belonging to each style. To evaluate how
well the two methods capture cinematic color and lighting distribution, normalized one-dimensional color histograms of the L,
A, and B channels in the LAB color space were extracted from the stylized outputs and compared with those of the corresponding
reference frame collections. The results showed that both single-frame and average Gram-matrix representations enabled the
NST model to transfer measurable color and lighting distributions. However, the average Gram-matrix representation generally
produced outputs closer to the reference-frame collections. Performance varied across styles, input images, and independent
training runs. Because this study was rather small and exploratory, its findings should be interpreted cautiously and cannot be
generalized to other directors, films, model architectures, or reference-frame selection pipelines without further investigation.
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Introduction

Cinematography is the visual language of storytelling in cin-
ema. From pastel-hued and symmetrical frames in The Grand
Budapest Hotel to the neon-drenched landscapes of The Ma-
trix, cinematography serves not only as the filmmaker’s lan-
guage but also as a visual metaphor to convey emotion and
social commentary. However, translating such complex and
varied visual languages onto static images has often remained
a challenge for traditional image editing.

The emergence of Neural Style Transfer (NST) presented
promising avenues for translating cinematic storytelling into
static images. NST, a branch of non-photorealistic render-
ing, was shaped by the landmark paper “Image Style Trans-
fer using Convolutional Neural Network” by Gatys and col-
leagues1. They proposed an iterative optimization method
based on the pretrained VGG-19 network2. This approach
produced high-quality stylized images with arbitrary input im-
ages but demanded significant computational resources, re-
quiring hundreds to thousands of forward-backward passes
through the VGG-19 network per image. Many works had
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since then attempted to accelerate this costly optimization
method. Johnson et al.3 trained a feed-forward convolu-
tional neural network (CNN) that had been previously adapted
for image transformation tasks. However, a major limitation
of the feed-forward network was that it is tied to only one
style. For style transfer with multiple styles, separate networks
would have to be trained for each style being modelled, which
had high computational requirements. To address this, several
CNN-based approaches were developed by Dumoulin et al.4,
Chen et al.5, Li et al.6, and Zhang and Dana7. Notwithstand-
ing, those works modelled each artistic style using a single
representative reference style image. Studies like Ikuta et al.8

and Sanakoyeu et al.9 were built on the observation that an
artistic style cannot be sufficiently captured through the stylis-
tic features of a single work, thereby proposing multi-image
style representation on collections of style-associated images.

There have been limited studies focusing on reproducing
cinematic looks onto images, which occupy a unique middle
ground between non-photorealistic and photorealistic render-
ing. While many live-action movie frames are realistic, their
intentional use of color distribution, composition, and cine-
matography reflects artistic choices. A recent study by Za-
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baleta and Bertalmı́o10 presented a method that automatically
transfers cinematic looks from a reference image, in terms of
tone, color palette, and contrast, to the source RAW image,
but it primarily lies in the domain of photorealistic style trans-
fer. Therefore, there is a lack of studies addressing whether
CNN-based multi-style transfer frameworks can be applied to
cinematic styles and transfer them to images.

This paper aimed to bridge this gap. Drawing on the multi-
style framework of Dumoulin et al.4 and studies that propose
multi-image style representation, such as Ikuta et al.8 and
Sanakoyeu et al.9, I explored the possibility of using Con-
ditional Instance Normalization (CIN) and Gram-matrix av-
eraging to capture cinematic stylizations associated with Wes
Anderson’s and Tim Burton’s filmography. In this study, cin-
ematic style was considered a multifaceted construct reflected
in still frames through a combination of color and lighting dis-
tributions. Therefore, Wes Anderson and Tim Burton were
selected as two case studies because their films exhibited dis-
tinctive cinematic visuals.

In this study, I implemented two experiments: the first uti-
lized a single representative style image for each style being
modelled, whereas the second employed aggregated Gram-
based representations computed from each style’s entire cor-
pus of cinematic frames. Both of the experiments were tested
on a film-based style dataset to see which one better captured
the cinematic styles in terms of lighting and color distribution.
Thus, my research aimed to answer the following questions:

RQ1: How well does the proposed CIN-based
framework reproduce the color and lighting distri-
butions associated with selected cinematic styles?

RQ2: To what extent do single-frame and aver-
age Gram-matrix style representations differ in their
transfer of color and lighting distributions?

It is also important to distinguish this research’s objective
from photorealistic style transfer, exemplified by the approach
proposed by Luan et al.11 to preserve photorealism. While the
latter focuses on meticulous content preservation, this study
chose to focus on the artistic style transfer effects on the im-
ages.

Related Works

Multi-style transfer: Several CNN-based multi-style transfer
frameworks had attempted to encode multiple artistic styles
into an embedding space. For instance, Dumoulin et al.4 dis-
covered that multi-style transfer can be sufficiently achieved
by scaling and shifting parameters after normalization to each
specific style. Therefore, the study introduced Conditional In-
stance Normalization (CIN) into a feed-forward image trans-
formation network—similar to the architecture by Johnson et

al.3—which normalized and transformed the content feature
maps using a pair of style-specific parameters for each style
being modelled. Other approaches explored alternative archi-
tectures: StyleBank5 utilized multiple mid-level convolutional
filter banks to capture individual styles whereas Li et al.6

treated each bit in the selection unit as a distinct style. While
these methods embedded styles with one-dimensional repre-
sentations, Zhang and Dana7 introduced a CoMatch layer that
took in the content feature maps, Gram matrices of the style
image at multiple scales, and a learnable weight matrix W to
approximate a stylized solution.

Multi-image style representation: Recognizing that most
CNN-based multi-style transfer approaches treated each ref-
erence style image as a distinct artistic style, there had been
studies aiming to capture dominant style features across a col-
lection of style images. One of the first studies to introduce the
idea of aggregating Gram matrices across multiple styles was
conducted by Ikuta et al.8. The study showed that the normal-
ized Gram matrix of a concatenated image is approximately
equal to the weighted linear combination of the normalized
Gram matrices of its constituent images. Building on the as-
sumption that any concatenation of reference images drawn in
the same style also belongs to that style, the authors defined
a style space in which weighted linear combinations of the
reference images’ normalized Gram matrices also represented
texture features of the target style. The model then learned
an optimal blending ratio for these Gram matrices to estimate
an appropriate texture for the content image before perform-
ing style transfer. Another study that briefly discussed Gram-
matrix aggregation is the work by Sanakoyeu et al.9. Adopt-
ing the art historical standpoint that “style as an expression
of a collective spirit”, the study argued that using a single art-
work might not be enough for an artistic style to be sufficiently
learnt. They found that averaging was the best Gram-matrix
aggregation strategy, but combining Gram matrices from mul-
tiple images could sometimes cause over smoothing and un-
satisfactory results.

Film-style transfer: To the best of my knowledge, “Pho-
torealistic style transfer for cinema shoots” by Zabaleta and
Bertalmı́o10 was the closest work to my study. However, it
primarily focused on photorealistic style transfer. The study
aimed to emulate the cinematic look present in a reference
image, such as a still from an existing movie, by introducing
a method that automatically transferred the style to the source
RAW image in real-time. Their method could effectively gen-
erate the photorealistic results that were free of artifacts in
real-time with low computational complexity in three con-
secutive but separable operations: Luminance transfer, Color
transfer, and Local contrast.

Wes Anderson: An American director, screenwriter, and
producer, Wes Anderson was known for his unique and consis-
tent visual language throughout his filmography12. His films
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typically featured the symmetrical, planimetric, and frontal
shots13, vibrant and colorful production design12. Color was
also one of the stylistic elements in Wes Anderson’s visual
storytelling14. He used a unique color palette for each of his
films, which reduced the film “to a single color, emblematic of
the microcosm it wants to narrate”15. For example, different
shades of yellow and blue were frequently employed through-
out Moonrise Kingdom, while pink was the predominant color
in The Grand Budapest Hotel15.

Tim Burton: Tim Burton was a Hollywood director who
was often well-known for his dark and eccentric visual sto-
rytelling, where the use of dark colors, unique character de-
signs, and fantasy settings built a mysterious and captivating
visual world in his films16. His signature cinematic language
included influences from the German expressionist movement
in cinema, such as highly unconventional details of the castle
and low-key lighting in Edward Scissorhands17. Gothic aes-
thetic elements were also embedded in his movies, with no-
table examples including the castle in Fairyland or the forests
in Alice in Wonderland 18.

Dataset and Data Processing

A standard NST framework used a content dataset for learn-
ing high-level image features and a style dataset for learning
statistical representations of visual characteristics.

Content dataset

During the training phase, the content dataset chosen for this
project comprised 80 images from the COCO (Common Ob-
jects in Context) dataset19. This is one of the largest and most
commonly used content datasets for object recognition and in-
stance segmentation. I selected 80 training content images,
which mainly include natural scenes and human portraits. All
images had a resolution of 512 x 512 pixels.

Figure. 1 Example frames from the COCO dataset19

The model’s performance and its ability to generalize to
unseen data were evaluated using a separate testing content
dataset. This testing content dataset consisted of images used
both to calculate validation losses for checkpoint selection and
to generate the stylized outputs in the final evaluation, but not
for gradient-based parameter updates during training. For the
testing dataset, I selected 80 content images from the Ima-
geNet dataset20.

Figure. 2 Example frames from the ImageNet dataset20

Style dataset

The film-based style dataset utilized in this project was a col-
lection of frames from the movies of two Hollywood directors:
Wes Anderson and Tim Burton. These frames were obtained
from FilmGrab21, a free, carefully curated repository dedi-
cated to movie stills for filmmakers, designers, and students.
All the movie frames that were downloaded from FilmGrab21

exhibited varying aspect ratios and resolutions due to different
cinematic shooting formats.

For Wes Anderson, I collected 28 frames sampled from two
of his movies: The Grand Budapest Hotel (2014) and Moon-
rise Kingdom (2012), with exactly 14 frames for each movie.
These movie frames were selected with variability to capture
Wes Anderson’s signature visual aesthetics. For example, 14
frames selected in The Grand Budapest Hotel include wide
shots of the hotel exterior (4 frames) and interior (4 frames),
alongside symmetrical character shots (6 frames).

A similar selection approach was used for 14 frames in
Moonrise Kingdom, with 6 symmetrical shots of characters,
6 wide exterior shots, and 2 interior shots.

For Tim Burton, 28 movie frames were also collected across
two of his movies: Beetlejuice (1988) and Alice in Wonderland
(2010). Once again, I used the similar selection pipeline to
choose 14 frames for each of those two movies.

In this study, each set of 14 frames sampled from a single
film was associated with a distinct cinematic style, character-
ized by clearly separate color palettes and lighting conditions.
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Figure. 3 From left to right: example still frames from The Grand Budapest Hotel. These frames consistently demonstrated the use of
symmetry and the use of vibrant colors.

Figure. 4 From left to right: example still frames from Moonrise Kingdom. These frames were consistently characterized by the film’s
distinctive warm color palettes.

Figure. 5 From left to right: example still frames from Beetlejuice (1988). Both of them had high-contrast lighting and deeply saturated color
palettes.

Figure. 6 From left to right: example still frames from Alice in Wonderland (2010). Both of them featured muted, ash-gray, and dark tones in
the background.

To illustrate this, I computed the mean values of the L, A, and
B channels across each movie’s frame set. These three chan-
nels are components of the LAB color space: In OpenCV’s 8-
bit LAB representation, L measures lightness from 0 (black)

to 255 (white), while A and B represent the green–red and
blue–yellow color axes, respectively.

Since the model used in this study was inherently a multi-
style network capable of learning multiple styles simultane-
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