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Figure 1: Step 1: Model Adaptation. The digitized Harold Taylor autochrome collection is initially preprocessed. Subsequently, Low-Rank
Adaptation (LoRA) techniques are utilized to fine-tune a Latent Diffusion Model (LDM) specifically on this dataset. Step 2: Image Synthesis.
Conditioned on a descriptive textual prompt and an initial random noise vector, the LoRA model generates high-fidelity images designed to
exhibit the characteristic visual style of autochrome photography.

Abstract
Autochrome is an early color photography technique that is highly sensitive and prone to deterioration, limiting their public
display. A limited collection of digitized autochromes exists, often with defects due to their fragile nature. We applied generative
AI methods, specifically Low-Rank Adaptation (LoRA), to fine-tune diffusion models, enabling efficient use of computational
resources. Our curated dataset of vintage digitized autochromes showcased various styles and served as the basis for train-
ing the LoRA model, resulting in the generation of digitized autochromes that preserved the original color filter effects and
characteristic granularity. By leveraging generative AI, we can utilize the multi-modal capabilities of the model, allowing each
user to generate images through concept-based prompts. This approach empowers users to creatively interact with the model,
producing personalized images while maintaining the historical color fidelity and structure of autochromes. This capability
also enables us to generate defect-free autochromes, which can be utilized for synthetic training in autochrome restoration
efforts. We evaluated our approach using the CLIPScore metric for quantitative similarity and conducted a user study for qual-
itative feedback on the generated images. Our results show that the fine-tuned LoRA model effectively captures the essence of
autochromes, producing visually appealing images that respect the historical aesthetic. Considering the potential for misin-
terpretation and ethical concerns surrounding text-to-image methods using deep learning with historical photographs, we are
committed to enhancing transparency by releasing our model weights and training datasets, thereby empowering the commu-
nity to better understand, evaluate, and address these important issues. Further we release an interactive demo together with
the fine-tuned weights available via huggingface.

CCS Concepts
• Computing methodologies → Neural networks;

1. Introduction

Autochromes, as one of the first commercially successful color
photography [LG13] processes (developed by the Lumière broth-
ers in the early 1900s), have been studied primarily from histori-
cal, technical, and preservation perspectives rather than perception

testing. Autochromes are renowned for several distinctive proper-
ties that contribute to their unique aesthetic and historical signif-
icance. Firstly, they feature a characteristic color palette charac-
terized by soft, muted colors, which are often accompanied by a
visible grain structure resulting from the potato starch color fil-
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ter mosaic employed in their production. This grain structure not
only adds to the textural quality of the images but also influences
the overall perception of color. Additionally, autochromes exhibit
a limited dynamic range when compared to modern photographic
techniques, which impacts the tonal variation present in the im-
ages. Autochromes, once the leading format in early 20th-century
photography, gradually fell out of favor as Kodachrome emerged,
effectively addressing many of the problems associated with au-
tochromes. Today, the production of autochromes is rare, and only
digitized versions are displayed in exhibitions due to their suscep-
tibility to light damage and various defects. Despite this decline,
the soft colors and grainy texture characteristic of autochromes of-
fer a unique retro aesthetic that resonates with contemporary audi-
ences. Our innovative approach harnesses the power of large lan-
guage models (LLMs) to generate images that evoke this nostalgic
style, bringing the charm of autochromes back to life. Additionally,
we can create synthetic data that simulates common autochrome
defects, such as greening, oranging, and emulsion cracking. This
capability allows us to develop machine learning methods aimed
at repairing these defects, enhancing the quality of the generated
images. Moreover, our approach can be integrated with advanced
architectures like ControlNet [ZRA23], which provides the poten-
tial for consistent conditional autochrome generation. This consis-
tency is vital for preserving authenticity and care in visual arts.
Furthermore, these images possess unique luminosity and trans-
parency qualities, enhancing their visual appeal when viewed un-
der optimal lighting conditions. Collectively, these attributes render
autochromes a fascinating subject of study in the context of histor-
ical photography and image restoration. In this paper we explore
the application of diffusion-based models fine-tuned using Low-
Rank Adaptation (LoRA) techniques on autochrome images from
the curated Harold Taylor collection. By leveraging the strengths
of diffusion models and the efficiency of LoRA, we aim to enhance
the generation and quality of historical color images. Additionally,
we seek to utilize these autochromes to further improve our defect
correction models, thereby enabling more effective restoration and
enhancement of archival images. Our approach not only preserves
the intricate details of the original dataset, but also demonstrates the
potential of advanced generative techniques to address challenges
within image correction and restoration. However, it is constrained
by the underlying LLM’s ability to generate scene coherence based
on text prompts, meaning we primarily reproduce the aesthetic as-
pects of autochrome photography rather than fully capturing the
complexity of the original scenes. In summary our contributions
are the following:

• We fine-tune a diffusion model through LoRA techniques to ef-
fectively generate authentic autochromes.

• We utilize the openly available Harold Taylor collection [Tay] as
our dataset. This collection will be systematically categorized to
facilitate the training process, ensuring that the data is organized
and representative of various autochrome characteristics neces-
sary for model fine-tuning.

• We present quantitative results to evaluate the performance of
our model using the CLIPScore.

• We have a qualitative observation of representative generated
autochromes, demonstrating the capabilities of the fine-tuned
model’s generative potential.

• We conduct a user study to collect subjective feedback on the
generated autochromes, providing a comprehensive understand-
ing of the effectiveness and authenticity of the model.

• We publish a demo of our model along with the fine-tuned
weights to facilitate further research and application which can
be found here:

2. Related Work

We now discuss previous work from relevant topics, such as gen-
erative modeling, fine-tuning strategies for generative models, the
selected dataset and recent works on autochrome digitizations.

2.1. Generative Modeling

Generative Adversarial Networks (GANs): The foundational
work that introduced this framework is the paper "Generative Ad-
versarial Nets" by Goodfellow et al. [GPAM∗14]. This publication
detailed the adversarial training mechanism and demonstrated its
potential for learning generative models without explicitly defin-
ing the data distribution. One of the primary advantages of GANs
is their ability to generate high-quality and realistic samples, of-
ten surpassing the capabilities of other generative models available
at the time [NM21]. The fundamental idea of adversarial train-
ing proved to be highly influential, leading to a proliferation of
GAN variants like conditional GAN (cGAN) [SC21], CircleGAN
[MO14] and StyleGAN [KLA19]. These advancements aimed to
address the limitations of the original framework and expand the
applicability of GANs to a wider range of tasks and data modali-
ties.
Denoising Diffusion Probabilistic Models (DDPMs) emerged
as another powerful class of generative model, drawing inspira-
tion from principles of non-equilibrium thermodynamics. Ho et
al. [HJA20] work demonstrated the capability of DDPMs to achieve
high-quality image synthesis results, often surpassing those of
GANs. One of the notable strengths of DDPMs is their training sta-
bility, which contrasts with the often unstable training dynamics of
GANs. Furthermore, DDPMs are known for their ability to gener-
ate diverse and high-fidelity samples, capturing intricate details of
the data distribution [EYB∗23], [LMSX24], [WHP24]. However,
a primary limitation of early DDPMs was the slow sampling pro-
cess. Generating a single sample typically required a large number
of denoising steps, making the inference process computationally
intensive [UA24].
Latent Diffusion Models (LDMs) represent a significant advance-
ment in the evolution of diffusion models, primarily addressing the
computational challenges associated with operating in the high-
dimensional pixel space. Rombach et al. [RBL∗22] demonstrated
that by operating in the latent space, it was possible to achieve a
near-optimal balance between reducing computational complexity
and preserving the visual fidelity of the generated images. A key
architectural innovation introduced in this paper was the incorpo-
ration of cross-attention [LCW∗21] layers into the model. These
layers enable the conditioning of the diffusion process on vari-
ous types of input, such as text-prompts or bounding boxes, fa-
cilitating tasks like text-to-image synthesis and image inpainting
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which have emerged as powerful tools for different, image synthe-
sis tasks [SCS∗22], [RDN∗22], [NDR∗22]. Podell et. al. [PEL∗23]
then scaled this approach by introducing larger model backbones
in the work SDXL to achieve higher image resolution outputs.
Flow Matching: The concept of Flow Matching was introduced by
Lipman et al. [LCBH∗23]. This work presented a novel training ob-
jective that allows for the use of general Gaussian probability paths,
which includes diffusion paths as a specific instance. The research
found that employing Flow Matching with diffusion paths resulted
in a more robust and stable alternative for training diffusion mod-
els. The approach has demonstrated its effectiveness across vari-
ous domains, including image generation [EKB∗24], video synthe-
sis [JSL∗25], and even modeling biological structures [LK25].
Adversarial Diffusion Distillation (ADD): Sauer et. al. [SLBR23]
designed training methodology to enable efficient sampling from
large-scale diffusion models in a remarkably small number of steps,
typically just 1 to 4, while preserving a high level of image qual-
ity [SLBR23]. The core of ADD lies in its innovative combina-
tion of Score Distillation Sampling (SDS) [AKS24] and adversar-
ial training. An adversarial loss is incorporated to ensure that the
images generated in this highly accelerated regime maintain high
fidelity and visual appeal.
Fast High-Resolution Image Synthesis with Latent Adversar-
ial Diffusion Distillation (LADD) builds upon the principles of
ADD to achieve even greater efficiency and scalability [SBD∗24].
LADD presents an innovative distillation method that directly ad-
dresses and overcomes the limitations encountered in pixel-based
approaches like ADD, especially when aiming for high-resolution
image synthesis. The most significant innovation in LADD is its
operation within the latent space of pre-trained diffusion models.
This strategic shift simplifies the training process and significantly
enhances performance, particularly for generating high-resolution
images with multiple aspect ratios.
Low-Rank Adaptation (LoRA): The technique was proposed by
Hu et al. [JSW∗22]. The research demonstrated that fine-tuning
updates to the weight matrices of LLMs often have a low "in-
trinsic rank." By approximating these updates with low-rank ma-
trices, LoRA can drastically reduce the number of trainable pa-
rameters. LoRA has also proven to be a valuable tool for effi-
cient super-resolution using diffusion models. AdaptSR, a LoRA
framework, efficiently repurposes bicubic-trained super-resolution
models for real-world tasks [KMT25]. By selectively updating
only lightweight LoRA layers while keeping the pre-trained back-
bone intact. This efficient adaptation not only reduces memory and
compute requirements but also outperforms GAN and diffusion-
based Super Resolution (SR) methods while training significantly
fewer parameters. Furthermore, LoRA plays a crucial role in multi-
concept customization within diffusion models [YCZ∗24]. LoRA-
Composer is a training-free framework designed for seamlessly in-
tegrating multiple LoRAs to enhance the harmony among different
concepts within generated images [YWP∗24]. To further enhance
the efficiency of diffusion models, Guo et. al. [GLD∗24] have ex-
plored integral Low-Rank Adaptation of quantized diffusion mod-
els. IntLoRA proposes using integer-type low-rank parameters to
adapt quantized diffusion models. By operating in integer arith-
metic, IntLoRA offers advantages in terms of reduced memory us-
age during fine-tuning, lower storage requirements, and hardware-
friendly acceleration during inference.

2.2. Digitization and AI based approaches for autochromes

Digitization: Digitizing early regular color screen photographs like
Dufaycolor, Finlay Colour, and Paget Colour plates poses chal-
lenges because standard high-resolution stitching techniques fail
due to the repeating geometric patterns, creating artifacts [CM23].
Hubička et al. developed a novel method using custom ’Color-
Screen’ software to analyze screen patterns for precise stitch-
ing, addressing high resolution, dynamic range, distortion, and
degradation issues, successfully implemented at the National Ge-
ographic Society (NGS) [CM23]. Similarly, autochromes require
extremely high resolution to capture their discrete color granules
correctly [Pet19]. Peterson details the NGS and DT Heritage col-
laboration for preservation-grade digitization of the Society’s large
autochrome, dufaycolor, and finlaycolor collections, highlighting
workflow testing [Pet19]. Wolska describes conserving and dig-
itizing a Polish autochrome collection, addressing fragility (e.g.,
detached emulsions) with methods like electrostatic film stabiliza-
tion [Wol22]. Their high-resolution digitization captured multiple
views, and experimental bright-field lighting was tested to repro-
duce the Callier effect for stereoscopic plates, finding it useful for
documentation despite emphasizing defects [Wol22]. These studies
highlight the necessity of specialized, collaborative approaches for
these materials.
AI based approaches: Deep learning techniques, like the Chan-
nel Interaction Restoration (ChaIR) [CK23] model fine-tuned with
synthetic data, show promise in restoring greening defects in
autochromes, preserving image structures better than traditional
methods [Kop24]. Furthermore, AI-driven monocular depth esti-
mation can convert digitized mono-autochromes into layered im-
ages and 3D meshes for immersive VR exploration, an experience
participants found enjoyable [SHC∗25].

3. Methodology

Next, we discuss our dataset, the data preprocessing, the base
model on which we fine tune, the LoRA parameters that were tested
for training and the setup for our user study.

3.1. Dataset

The Harold Taylor collection of digitized autochromes offers a
valuable glimpse into early 20th-century California through the pi-
oneering autochrome process. Photographer Harold A. Taylor, who
immigrated to California in 1896 and later settled in Coronado, cap-
tured a diverse range of subjects, including landscapes of Yosemite,
numerous floral studies reflecting his involvement with the Coron-
ado Floral Association, and scenes of coastal California. Created
primarily between the 1910s and early 1930s, these fragile color
transparencies represent a significant step in the history of pho-
tography. Preserved and made accessible online by the Coronado
Historical Association in partnership with California Revealed, the
collection provides a unique and colorful window into a bygone
era of California’s natural beauty and cultural landscape [Tay]. It
is a public collection of about 400 different high resolution dig-
itized autochromes. The digitizations come with a resolution of
6300x5100. Due to the nature of autochrome photographs all dig-
itizations are placed on small glass plates. Each image has its own
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(a) Class: Still Life Objects | Caption:
Photo of a single red rose out of its
vase on a white rose detailed cloth. To
the left of the vase is a pair of scis-
sors. To the right of the rose is a pho-
tograph in an silver oval frame. The
background is a warm midtone brown
wall.

(b) Class: Plant | Caption: Colorized
photograph on a small glass panel de-
picting a branch of red cherries with
trees and a clear blue sky in the back-
ground.

(c) Class: Forest | Caption: Colorized
photograph on a small glass panel de-
picting trees and greenery next to the
side of a mountain. Discoloration is
present across the entire image, as well
as silvering. Most of the discoloration
is green, with some areas that are pur-
ple, orange, and blue. There are also
bubbles in the panel.

(d) Class: Forest | Caption: Colorized
photograph on a small glass panel de-
picting a redwood forest with differ-
ent sized trees, assumedly the Mari-
posa Grove, a giant redwood forest in
Yosemite National Park. Some areas of
green discoloration are on the image.

Figure 2: The categorized dataset comprises diverse image-caption pairs, with representative examples for illustration. Although primarily
consisting of nature scenes, the dataset intentionally includes images displaying typical autochrome artifacts, notably small greening (2c)
and large-scale greening degradation (2d).

metadata file containing a caption which is describing the content
depicted by the image. Images contain mostly still life nature like
trees, flowers, desserts, mountains etc.

3.2. Data preprocessing

We categorize the image-caption pairs manually and came up with
13 categories: Body Of Water, Desert, Field, Flower, Forest, Moun-
tain, Nature, People, Plant, Still Life Objects, Structures, Tree, Wa-
terfall. Figure 2 illustrates representative image-caption pairs from
the training dataset, showcasing its heterogeneity. The dataset en-
compasses high-fidelity, artifact-free examples such as 2a and 2b,
alongside instances exhibiting significant degradation, including
severe greening defects (2c) and localized greening spots (2d). Fur-
ther we extract the caption of each image for LoRA training, giv-
ing us the label as text-prompt for the fine tuning process. Since the
high resolution digitizations do not fit into our training environment
memory we resize the the images from the Harold Taylor collection
to 576x408 image resolution. This results in the final dataset with
420 image-prompt pairs.

3.3. Training

We finetune the distilled model FLUX.1-dev [Doc]. We make use
of Low-Rank Adaptation (LoRA). LoRA is a technique used to
fine-tune large pre-trained models efficiently by introducing low-
rank updates to their weights. Instead of modifying the entire
weight matrix, LoRA approximates the updates using two low-rank
matrices, which significantly reduces the number of trainable pa-
rameters and computational costs. There are two key parameters to
consider when training. The rank parameter determines the dimen-
sionality of the low-rank matrices used in the adaptation. A higher
rank allows for more expressive updates but increases the number
of parameters. Conversely, a lower rank reduces the model’s ca-
pacity to adapt but improves efficiency. The choice of rank is a

trade-off between model performance and resource consumption.
The alpha parameter is a scaling factor that controls the strength of
the low-rank adaptation. It adjusts the contribution of the low-rank
updates to the overall model output. A higher alpha value amplifies
the impact of the adaptations, while a lower value diminishes their
effect. This parameter is crucial for balancing the original model’s
knowledge with the learned adaptations. Figure 3 shows the train-
ing input, we fine-tune on the categorized collection of ca. 420 digi-
tized image-caption pairs. The training was done on an A100 40GB
GPU and 128GB RAM using the AdamW optimizer with a 1e-4
learning rate and a batch size of 4. We train the model with four
different LoRA rank and alpha combinations shown in Table 1. All
experiments are trained for 8000 steps.

LoRA Rank Alpha Steps
0 16 16 8000
1 16 32 8000
2 32 32 8000
3 32 64 8000

Table 1: Summary of the four distinct training configurations em-
ployed in this study, each characterized by a unique combination of
LoRA rank and alpha values.

3.4. CLIPScore calculation

We generate sample images every 1000 training steps to visually
verify the model’s progress in learning the desired image style con-
cept. We do this because training configurations with a higher rank
and alpha tend to recreate the target domains style earlier dur-
ing training but also tend to overfit earlier which results in noisy
images. For the CLIP(Contrastive Language Image Pre-training)
Score calculation we take models that are configured with higher
rank and alpha at checkpoints with lesser training steps, this ensures
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Figure 3: The training process commenced with a curated dataset of digitized autochromes. Corresponding caption labels were extracted
from the metadata files provided for each digitized instance, constituting the training input. Subsequently, the LDM Flux.1-dev underwent
fine-tuning, with experimental variations in LoRA configurations. Given a descriptive text-prompt and random noise we aim to achieve
optimal synthesis results.

that the images generated by these models still depict recogniz-
able content and not only noise. We then calculate the CLIPScore
[HHF∗22] of the fine-tuned models before we conduct our user-
study. The score evaluates the compatibility of image-caption pairs,
with higher scores indicating greater compatibility. It serves as a
quantitative assessment of the qualitative notion of "compatibility."
This compatibility can also be viewed as the semantic similarity
between the image and the caption. Research has shown that the
CLIPScore correlates well with human judgments [HHF∗22]. To
compute the CLIPScore, we generated 420 synthetic autochrome
images. This process involved utilizing the captions associated with
real digitized autochromes as input prompts. Given that these cap-
tions were previously encountered by the model during its training
phase, we employed a LLM to simplify and rephrase the captions
to enhance their novelty and efficacy. Additionally, we introduce
variability in the aspect ratio of the generated images to enhance
the diversity of our test dataset. Subsequently, we use the generated
images from the best performing LoRA model and randomly se-
lect a subset from this collection for the user study. This approach
ensures a representative sampling of the generated images, allow-
ing for a comprehensive evaluation of user preferences and percep-
tions. By employing random selection, we mitigate potential biases
and enhance the robustness of our findings, thereby facilitating a
more objective assessment of the image quality and attributes as
perceived by the participants.

3.5. User study preparation

Following a comprehensive evaluation of various models, we de-
termined that LoRA 2 yields the most favorable results in terms of
image generation. This assessment was conducted by a first stage
evaluation of the CLIPScore. This approach allowed us to quantita-
tively ascertain the model’s performance in replicating the unique
aesthetic qualities inherent to autochromes. For the user study, syn-
thetic autochromes were randomly sampled exclusively from the
set generated by the LoRA 2 model.

4. Evaluation

Next we present our evaluation. Initially a quantitative analysis via
the CLIPScore metric is done, followed by an analysis of some
autochrome generations to finally discuss the extensive user study
conducted exclusively with the model achieving the highest score
in the first stage. During hyperparameter tuning, it was observed
that training configurations employing higher LoRA ranks and al-
pha values achieved satisfactory style adaptation at 5000 train-
ing steps. However, extending the training duration to the ini-
tially planned 8000 steps resulted in a noticeable degradation of
image quality, characterized by increased noise artifacts. Conse-
quently, for subsequent image generation and evaluation, LoRA
model checkpoints saved at the empirically determined optimal of
5000 steps were utilized. This applies for LoRA 2 and 3.

(a) Defect free, dark lighting condi-
tions.

(b) Defect free, bright lighting condi-
tions.

Figure 4: Defect free synthetizations under different lighting con-
ditions.

4.1. CLIPScore discussion

Next we discuss the results of the evaluation on the CLIPScore.
Table 2 shows the trained models LoRA parameters as well as the
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CLIPScore results. A higher CLIPScore indicates a better perfor-
mance. We notice that all scores are close together. While LoRA
0 and 1 show a good performance in adapting the style, they need
more training steps and hence more time to recreate the style com-
pared to configurations with a higher LoRA rank indicating that our
strategy of using the earlier checkpoints of train configuration 2 and
3 was successful. All trained LoRA configurations revealed highly
comparable performance when it comes to image generation but
also show that training with higher ranks is more efficient due to the
style adaptation after less training steps. The scores obtained were
remarkably close, with a maximum difference of approximately
one point observed between the best performing configuration 2
and the worst performing configuration 3. This minimal variation
suggests that, according to the CLIP metric which measures image-
text semantic similarity, the effectiveness of the different methods
in is largely equivalent. Overall, there exist differences in the CLIP-
Score ranging from 33.75 to 34.93, however, they are of negligible
practical significance concerning the performance.

LoRA Rank Alpha Steps CLIPScore ↑
0 16 16 8000 33.75
1 16 32 8000 34.61
2 32 32 5000 34.93
3 32 64 5000 33.96

Table 2: CLIPScores of our trained models. A higher score inidcat-
ing a better performance. Scores were calculated using OpenAIs
clip-vit-base-patch16 model [RKH∗21].

4.2. Synthesized autochrome observations

A qualitative assessment of the model’s generative capabilities fol-
lows. Figures 4, 5, 6 and 7, present a selection of generated im-
ages, illustrating the diversity achievable with the fine-tuned diffu-
sion model. For instance, examples 4a and 4b depict flowers un-
der varied illumination, demonstrating the LoRA model’s ability
to synthesize plausible images across distinct lighting conditions.
Furthermore, images 5a and 5b showcase the model’s capacity to
replicate common autochrome artifacts when prompted with de-
scriptive embeddings such as "small green defect". The model also
exhibits spatial control over defect placement, as exemplified by
the localization to the lower right region in 5a. The capacity to gen-
erate larger-scale defects, also characteristic of the source material,
is demonstrated in 6a and 6b, which depict substantial greening and
bluing artifacts, respectively; regional conditioning is also possible
for these, as shown by the defect confinement in the lower portion
of 6a. The model’s generalization extends beyond outdoor scenes,
as 7a renders a plausible indoor still life composition with multi-
ple objects. Finally, 7b confirms the ability to generate plausible
monochromatic images and incorporate specific physical defects
like frame cracks. An analysis of model limitations is presented in
Figure 8. A notable decrease in generative fidelity was observed for
anthropomorphic subjects. Specifically, images 8a, 8b, and 8c ex-
hibit poorly defined or distorted facial features, rendering the syn-
thetic nature of the images readily apparent. Challenges were also
encountered with complex anatomical structures in animals; for ex-
ample, 8b, 8c, 8d presents a horse generated with anatomically

(a) Greening dot, placed in the lower right
part of the image.

(b) Greening dots all over the
image.

Figure 5: Realistic defects small green dot defects occurring in real
autochromes. Defects can be placed in any part of the image.

(a) Large defect in the lower part of
the image.

(b) Large defect over the image.

Figure 6: We are able to recreate realistic defects occuring in real
autochromes like greening and bluing precisely in any part of the
image.

incorrect limbs. These observed limitations are likely attributable
to the composition of the training dataset (Harold Taylor collec-
tion [Tay]). While the dataset contains some images featuring hu-
man figures, it is predominantly composed of natural scenery, lead-
ing to an under representation of human and complex animal forms
during fine-tuning. Finally the model architecture supports the gen-
eration of images across a range of different aspect ratios.

4.3. User Study

We conducted a user study to draw conclusions on how humans
perceive our artificially created autochromes, specifically how sim-
ilar our AI-based images are perceived with respect to digitized
original autochromes. The study was performed as an online sur-
vey involving 90 unpaid and voluntary participants (43 male, 42
female, 1 diverse, 4 not answered) between 19 and 85 years with Ø
39.6 and SD 14.3. On a 5-point scale, with 1 indicating no expertise
and 5 indicating being an expert in the field, we asked about expe-
rience with photography and autochromes. We recruited our par-
ticipants from various sources, particularly distributing our links
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(a) Still life objects placed on a table. (b) Monochrome image
with a cracked frame.

Figure 7: We observe a strong performance on still life and
monochrome nature scenery.

within the cultural heritage community. Results indicating a het-
erogenous background concerning photographic skills (Ø 2.9, SD
1.2) and beginner level concerning autochromes (Ø 1.5, SD 0.9).

4.3.1. Study Design

The approach within our study was to show a set of AI-generated
and original digitized autochromes to users and let them rate the
pictures based on a set of criteria to evaluate the output of our
method.
For the questionnaire, we derived 13 items I1-I13 based on an ex-
pert interview with a curator specialized in autochrome photogra-
phy, related literature [Lan23,KOZ80,LG13,RKW23], and related
studies on the digital perception of autochromes [SHC∗25]. They
were given a 7-point Likert scale with 0 meaning full disagreement
and 6 meaning full agreement. We clustered these questions into 5
criteria as follows:

• Color (Col)

I1: The colors of the picture appear unnatural.
I2: The colors of the picture appear somewhat muted or faded.
I3: The colors of the picture look soft.

• Emotion (Emo)

I4: The image triggered emotions in me.
I5: There is something dreamlike or ethereal about the image.
I6: The picture looks like a painting.
I7: The picture has a nostalgic effect on me.

• Technological aspects (Tech)

I8: The image has a grainy or textured quality.
I9: This image reminds me of early color photography.

• Authenticity (Auth)

I10: I found the picture authentic.
I11: I think it’s a digitised copy of a real photo.

• Historical relatedness (Hist)

I12: The picture looks historical.
I13: The picture looks as if it was taken a long time ago

For the study, we randomly selected 73 generated autochromes and
took digitized autochromes from a base of 420. Each image showed
either flowers, forests, mountains, or single trees and was classified
accordingly. For each of these classes, we randomly chose 5 images
per class, which were utilized within the study, making up a pool of
20 original and 20 artificially generated autochromes. To minimize
biases of individual images, each participant was given 2 images
from each class, one artificial and one original, at random. This
resulted in each participant rating 8 images given our 13 items.

4.3.2. Discussion of the Results

We analyzed our study’s results regarding perceived similarity of
the images by means of a two one-sided tests (TOST) approach af-
ter Schuirmann [Sch87], also known as the equivalence test, using
the TOSTER R package [LC17]. Before testing, we chose a range
of differences that are not significant for the TOST of ±0.4 points
(smaller than the commonly utilized 0.5 points on a 7-point scale)
and in raw bounds, to emphasize practical relevance and directly
reflect the magnitude of the effect in the original scale. Statistical
measures are shown in Table 3.

Table 3: Descriptives

Group N Mean SD SE

Auth Original 40 3.564 0.619 0.098
Arti f icial 40 3.774 0.559 0.088

Col Original 60 3.599 0.900 0.116
Arti f icial 60 3.474 0.730 0.094

Emo Original 80 2.834 0.675 0.075
Arti f icial 80 2.649 0.573 0.064

Hist Original 40 3.307 0.612 0.097
Arti f icial 40 3.324 0.782 0.124

Tech Original 40 3.433 0.607 0.096
Arti f icial 40 3.769 0.596 0.094

The results of the T-Tests to check on significance within the data,
with a threshold for statistical significance of 5%, are shown in
Tab. 4. The table shows that all p-values of the bounds, except for
the upper bounds of Auth (p=0.114) and Tech (p=0.320), show sig-
nificant differences, indicating equivalence.

For further analysis using TOST, Tab. 5 shows the 90% confidence
intervals for both raw and Cohen’s d. The results are visualized in
Fig. 9, that shows except for Auth and Tech, the entire ranges of the
respective confidence intervals of the mean differences lie within
prespecified range of indifference (±0.4), so that we conclude the
TOST with 95% confidence that our participants rated the crite-
ria Col, Emo, and Hist as equivalent. Auth overlaps only slightly,
whereas Tech overlaps more, indicating that our participants did
not rate these criteria of our artificially generated autochromes as
equivalent to the original ones.

4.3.3. Qualitative Feedback and Limitations of the Study

Since this is pioneering research in the field of evaluating au-
tochromes in modern days, there were no standardized question-
naires we could use that were specific to autochromes. As a result,
standardization of our questions and criteria, even though discussed
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(a) (b) (c) (d)

Figure 8: Examination of edge cases highlighted the model’s limitations. Synthesis of realistic human subjects, especially those with direct
camera gaze (8a, 8b, 8c), and the generation of anatomically correct animals presented significant challenges (8b, 8c, 8d).

Table 4: T-Tests results rounded to three decimal places.

Statistic t df p

Auth T-Test −1.598 78.000 0.114
Upper bound 1.435 78.000 0.078
Lower bound −4.631 78.000 < 0.001

Col T-Test 0.832 118.000 0.407
Upper bound 3.505 118.000 < 0.001
Lower bound −1.841 118.000 0.034

Emo T-Test 1.867 158.000 0.064
Upper bound 5.910 158.000 < 0.001
Lower bound −2.176 158.000 0.016

Hist T-Test −0.110 78.000 0.913
Upper bound 2.437 78.000 0.009
Lower bound −2.656 78.000 0.005

Tech T-Test −2.505 78.000 0.014
Upper bound 0.470 78.000 0.320
Lower bound −5.480 78.000 < 0.001

with and agreed by experts and further supported by literature and
related work, would strengthen the study. In this matter, we pro-
vided the possibility to give us feedback in the form of free-text
after filling out the questionnaire. One expert participant gave us
the opinion, that ‘Factors such as the focus or whether some lines
would be drawn straighter in reality often played a role in the au-
thenticity of the photos’.
Another participant communicated a general displeasure for AI-
generated photographs, even though it was not mentioned within
the study that some of the images were AI-generated. ‘It’s possible
10 or 15 years ago I would assume most of these were real before
the internet was flooded with AI imagery and such.’ This might
indicate a bias specifically from more advanced and expert partic-
ipants towards AI-generated autochromes. However, we could not
verify a trend based on our data.
One participant identified as an expert in photography without any
experience with autochromes rated Col-, Hist-, and Emo-related
items rather high in both AI and original autochromes, but Tech-
and Auth- related questions significantly higher for the original au-

Table 5: Equivalence Bounds

90% Confidence Interval
Bounds type Low High Lower Upper

Auth Cohen’s d −0.678 0.678 −0.736 0.009
Raw −0.400 0.400 −0.430 0.009

Col Cohen’s d −0.488 0.488 −0.150 0.373
Raw −0.400 0.400 −0.124 0.373

Emo Cohen’s d −0.639 0.639 0.034 0.348
Raw −0.400 0.400 0.021 0.348

Hist Cohen’s d −0.569 0.569 −0.397 0.244
Raw −0.400 0.400 −0.279 0.244

Tech Cohen’s d −0.665 0.665 −0.946 −0.113
Raw −0.400 0.400 −0.561 −0.113

Figure 9: Chart visualizing the equivalence analysis based on a
Bland-Altman plot, using raw bounds specification.

tochromes. This also supports the quantitative analysis of our user
study. This participant stated that ‘Most of the time, it felt like an
Instagram filter to intentionally make them look old. The edges
were too perfect and the star/pentagram shaped cut in the bottom
left corner was annoying, as it was making it obvious that this is
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processed/manipulated and not the real one scanned. I think the
convincing ones should have more "damaged" edges - in terms of
physical wearing, not in terms of grain and speckle.’ This provide
hints on how to improve our methods that should be addressed in
future work. Finally, our study also had some limitations, particu-
larly, when it comes to the inspection of visual quality and char-
acteristics of images within an online survey, the display device
that our participants used matters. We captured the type of device
(smartphone, computer screen, tablet, or other) that was used to ex-
plore possible differences. We found that 54 participants used com-
puter screens, 34 utilized a smartphone, and 2 specified their device
as ‘other’. We could not find a difference of answers between these
conditions.

4.4. Summary of the Findings

Overall, our evaluation illustrates LoRA’s performance through
quantitative analysis, qualitative assessments, and user perceptions.
The quantitative results indicated that configurations with higher
LoRA ranks achieved efficient style adaptation in fewer training
steps while maintaining comparable CLIPScores across models,
suggesting robust performance. Qualitative assessments demon-
strated the model’s ability to generate diverse and plausible images,
particularly in natural scenes, although it struggled with anthropo-
morphic subjects. User study results revealed that participants rated
the color, emotion, and historical relatedness of AI-generated im-
ages as equivalent to original autochromes, while authenticity and
technological aspects showed less equivalence.

5. Conclusion

Our approach demonstrates the use of diffusion-based models fine-
tuned with Low-Rank Adaptation (LoRA) to generate autochromes
from textual descriptions, capturing the essence of historical color
photography. Since autochromes are rare and fragile, often not
displayed publicly, our method allows for the creation of synthetic
images that reflect the aesthetic qualities of original autochromes
today. The features in these generated scenes depend on the
underlying language model, leading to unique interpretations of
the text. Despite some discrepancies, the color and aesthetics of the
generated images are strikingly similar to traditional autochromes,
offering a visual experience that honors the historical significance
of this photographic technique.
User feedback indicates that participants perceive the color,
emotion, and historical context of AI-generated autochromes
as comparable to original images; however, authenticity and
technological aspects require further refinement. Furthermore,
our method can be utilized to create synthetic data and simulate
defects in autochromes, thereby enhancing AI-based techniques
for the restoration of digitized autochromes. We contribute to
the community by publicly releasing both the fine-tuned model
parameters and an interactive web-based demonstration, thereby
enabling further research and application in digital heritage
contexts.
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