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Abstract

This research explores the intersection of cul-
tural heritage and Generative Al (Gen-Al), ex-
amining Al-generated historical image recon-
structions as a potential tool for visualising mul-
tiple perspectives in heritage interpretation. In
critical heritage studies, the concept of mul-
tivocality or polyvocality advocates for repre-
senting diverse, often underrepresented, per-
spectives in how heritage is understood and
communicated. We evaluated three prominent
Al image generation models across three her-
itage test cases. A total of 13 user prompts
generated 39 images, which underwent both
linguistic analysis of intermediate prompt trans-
formations and systematic visual assessment by
heritage experts for historical accuracy and cul-
tural sensitivity. The findings revealed both
strengths and limitations of the models. While
the models produced visually compelling out-
puts and, in some cases, meaningfully distinct
depictions across perspectives, they also exhib-
ited representation imbalances, neutralisation
and amplification tendencies, inconsistencies
in human portrayal, and misinterpretations in-
troduced during the linguistic transformation
of user inputs. Based on these findings, we
propose initial guidelines for structured prompt
construction that target the specific failure pat-
terns identified. The research suggests that gen-
erative Al could serve as a supplementary tool,
not a definitive historical source, for exploring
multivocal heritage interpretation, particularly
in museum and visitor engagement contexts,
provided it is used critically and in conjunction
with expert input.

1 Introduction

The emergence of critical heritage studies in the
late 20th century challenged traditional heritage
discourses that predominantly reflected state and
institutional authority. This shift opened pathways
for focusing on the diversity lens of the factual
past, the diverse perspectives, which were often
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Linguistic Analysis

Topic: Surinamese Plantation during the
colonial period

Landscape/Env.:  Surinamese land

Architecture:  Colonial  plantation  bungalow,

A traditional oil painting
captures a day on a Suriname sugar
plantation during the colonial
labour quarters/camps era. At its heart is a whi
People: Dutch plantation owners, ~Suri-
namese workers
Activities: Slaves are working, and Dutch Mas-
ters overseeing it

Atmosphere:  Daytime

Special objects:  Plantation-related objects

Artistic Style:  Any style suitable for a historical
scenery

Africans toil in the fields
nearby, overseen by two European
men in period attire.

Visual Analysis

Architecture: 2/5
“The houses are unlike

Suriname [...] and look more
like large houses in the
southern US”

Figure 1: Overview of the research workflow. User-
provided keywords across eight cultural criteria (left)
are transformed by DALL-E 3 into an expanded model-
generated prompt (top right), which is then used to gen-
erate an image (right). The resulting image undergoes
two parallel analyses: a linguistic analysis examining
how the intermediate prompt transformation altered the
user’s input, and a visual analysis in which a heritage do-
main expert rates the image’s historical accuracy across
the same eight criteria on a 1-5 scale. The example
shown depicts the Dutch visitor’s perspective for the
Surinamese plantation test case.

marginalised or silenced due to power dynamics,
and the contemporary socio-economic forces that
shaped the appropriation of heritage and its inter-
pretation. This context supported the emergence
of the concept ‘Multivocality’ or ‘Polyvocality’, al-
lowing previously oppressed or overlooked voices
to be heard in heritage interpretation.

The existence of multiple voices for heritage
sites, objects, and histories is often shaped by na-
tionality, ethnicity, class, gender, education, cul-
ture and other forms of human identity (Derrida,
1994; Kojan, 2008; Deumert, 2018; Smith, 2020).
Accordingly, when knowledge is co-created with
stakeholders and communities, rather than solely
with heritage experts, it fosters dialogue and un-
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derstanding among those with different relation-
ships to the past (Franke et al., 2024). Moreover,
truthful heritage interpretation requires critically
acknowledging these diverse and at times conflict-
ing perspectives. Hence, heritage professionals and
scholars increasingly explore innovative methods
and tools to pursue more inclusive, diverse, and
reflective approaches to facilitate multivocality.

This research investigates the potential of genera-
tive Al to produce historical image reconstructions
that represent multiple cultural perspectives in her-
itage contexts (see Figure 1). The study makes
three contributions: (/) It provides a linguistic anal-
ysis of the intermediate prompt transformation pro-
cess, i.e. how Al models rewrite user-provided in-
puts before generating images, and identifies how
these transformations affect culturally specific con-
tent. (2) It presents a systematic, expert-assessed
comparison of three leading image generation mod-
els across three historically complex and contested
heritage test cases. (3) Drawing on the findings, it
proposes practical guidelines for structured prompt
construction aimed at improving the historical ac-
curacy and cultural sensitivity of Al-generated her-
itage imagery.

2 Literature Review and Related Work

2.1 Multivocality / Polyvocality

Heritage institutions are increasingly incorporat-
ing previously silenced or marginalised voices into
historical narratives. Examples include London’s
Migration Museum, The Hague’s Humanity House
(refugee stories), and the Smithsonian’s Slavery
and Freedom exhibition. Common strategies in-
clude participatory or co-curative exhibitions, oral
history initiatives, and collaborative research with
underrepresented communities.

However, implementing multivocality is com-
plex. Smith (2020) notes that even well-intentioned
multivocal projects can yield mixed outcomes, as
parties must accept coexisting, at times contradic-
tory truths. Zheng (2023) highlights that amplify-
ing marginalised voices remains harder in practice
than in theory, partly because audiences are condi-
tioned to accept singular narratives (Atalay, 2008;
Barnabas, 2016). Authorised Heritage Discourse
(AHD), highlighted by Smith (2006), further points
out the resistance to these alternative viewpoints.

However, at the same time, scholars also under-
line the need to critically examine multivocality,
as not all voices carry equal validity. While wel-
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coming diverse perspectives, scholars advocate for
the critical evaluation of each voice to ensure truth-
ful heritage interpretation and to prevent misuse,
whether for malicious intentions or unintended mis-
interpretations (Atalay, 2008; Kojan, 2008; Wylie,
2008).

2.2 Natural Language Processing

Research in NLP and computer vision increas-
ingly examines how textual prompts shape the out-
puts of text-to-image (T2I) models. Oppenlaen-
der (2024) established that prompt structure signif-
icantly affects generation quality. More broadly,
using one language model to rewrite or optimise
prompts for another model, or for a downstream
generation model, has become common practice
in NLP pipelines, from automated prompt engi-
neering (Hao et al., 2023) to chain-of-thought
prompt rewriting for improved image-text align-
ment (Wang et al., 2025). DALL-E 3 implements
this approach by default: user prompts are automat-
ically transformed before image generation. Our
study examines this intermediate transformation
as a site of potential meaning change, analysing
the linguistic operations through which culturally
specific user inputs are reshaped, an aspect that, to
our knowledge, has not been systematically studied
for heritage-related content.

Separately, a growing body of work addresses
bias in T2I models. Wan et al. (2024) survey bias
across gender, skin tone, and geo-cultural dimen-
sions, finding the latter remains under-explored.
Zhang et al. (2024) demonstrate that T2I mod-
els systematically underrepresent or stereotype
cultures from less-represented regions in training
data. These findings align with our observations
of Western-centric defaults across the three her-
itage test cases. Additionally, T2I models exhibit
well-documented compositional failures, difficulty
in correctly binding attributes to objects in com-
plex scenes (Huang et al.; Zarei et al., 2025). Her-
itage reconstruction prompts are inherently com-
positional, requiring models to associate specific
architectural styles, attire, and activities with dis-
tinct cultural groups within a single scene, making
this limitation particularly consequential in our do-
main.

2.3 Generative Al in Cultural Heritage

Al and generative Al are increasingly applied in
cultural heritage for restoration, documentation,
digital reconstruction, and public engagement. Al



image generation models have been used to recon-
struct destroyed or incomplete heritage sites and to
support immersive AR/VR storytelling (Altaweel
et al., 2024; Arzomand et al., 2024; Moral-Andrés
et al., 2024; Kutlu and Simsek, 2025).

However, gen-Al historical image generation
faces notable limitations. Models frequently pro-
duce visually plausible but historically inaccurate
details, reflecting biases in training data that are
disproportionately drawn from Western contempo-
rary sources (Rane, 2023; Foka and Griffin, 2024;
Spennemann, 2024; Sukkar et al., 2024; He et al.,
2025; Liu et al., 2025). The closed-source nature of
leading models further complicates scholarly ver-
ification of how inputs are processed and outputs
are generated.

While substantial research exists on both multi-
vocality in heritage and Al image generation sep-
arately, their intersection—using gen-Al to repre-
sent multiple perspectives through historical image
reconstructions—remains largely unexplored. He
et al. (2025) offer the closest prior work, examin-
ing how individuals used Stable Diffusion to create
personal visual narratives about cultural heritage
sites based on their own memories. While they did
not investigate the representation of diverse per-
spectives attributed to the heritage sites themselves,
their findings highlight that users’ familiarity with
a site significantly affects output accuracy, along-
side the impact of cultural biases in model training
data.

Our research extends this work in three specific
ways. First, it incorporates a linguistic analysis
of the intermediate prompt transformation process,
how Al models rewrite user inputs before generat-
ing images, an aspect that remains under-examined
in the literature (see Section 2.2). Second, it intro-
duces expert verification by heritage professionals
to assess the historical accuracy of depicted details.
Third, it systematically compares model perfor-
mance across multiple culturally contested heritage
scenarios, rather than a single site or tradition.

3 Methodology

Given the interdisciplinary nature of this research,
we adopted a Mixed Methods approach with a De-
ductive orientation, while combining Experimental
Strategy with Case Study Strategy. This allowed
assessing the behaviour of different generative Al
models across varied heritage scenarios.
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Accordingly, we selected heritage test cases with
multiple, often conflicting perspectives, including
religious, colonial, conflict, slavery, and multi-
layered heritage, to evaluate generative Al’s abil-
ity to represent diverse perspectives. Furthermore,
each case incorporated a random perspective to
examine how Al responds to users with limited
subject familiarity, informed by He et al.’s (2025)
findings on the impact of users’ familiarity or prior
knowledge of the particular heritage context.

The case studies are:

(i) A Surinamese colonial plantation — This
case study examines the Surinamese planta-
tions during the Dutch colonial period, a con-
tested history of forced labour and cultural
identity (3 perspectives: Random, Dutch, Suri-
namese).

(i) Religious beliefs associated with Sri Pada
Mountain in Sri Lanka — This case study
focuses on Sri Pada Mountain in Sri Lanka,

a religious heritage site uniquely sacred to

Buddhist, Hindu, Islamic, and Christian com-
munities (6 perspectives: Buddhist, Hindu,
Islamic, Christian-I, Christian-II, Random).

(iii) 1640 Dutch siege of the Portuguese-held
Galle Fort in Sri Lanka — This case study
addresses the Dutch VOC siege of Portuguese-
held Galle Fort in Sri Lanka in 1640, a turn-
ing point in colonial history, not only for Sri
Lanka but also for the Indian Ocean region,
changing colonial rule from the Portuguese to
Dutch (4 perspectives: Dutch, Portuguese, Sri
Lankan, Random).

3.1 Image Generation Set-up

Using zero-shot text-to-image generation, we
prompted the following three GenAl models with
a total of 13 perspectives (from the three case stud-
ies), resulting in 39 images.

* DALL-E 3 (Betker et al., 2023)
 Stable Diffusion V3.5 (Esser et al., 2024)
* Midjourney V.6 (Midjourney, Inc., 2024)

Informed by Oppenlaender (2024), we con-
structed the 13 user inputs for the following eight
keyword categories which we derived from the
prompt engineering guidelines of the selected mod-
els:



(i) Topic

(i) Landscape/Environment
(iii) Architecture

(iv) People (including attire)

(v) Activities

(vi) Atmosphere

(vii) Special Objects (if any)
(viii) Artistic Style

These identified keyword categories serve dual
purposes: (i) guiding effective prompt construction,
and (ii) functioning as cultural parameters/criteria
for evaluating the historical accuracy of the gener-
ated images.

To identify relevant keywords for each perspec-
tive, we conducted semi-structured discussions
with 7 members of the general public, each lasting
approximately 20—40 minutes. We selected partici-
pants through purposive sampling to represent the
cultural perspectives relevant to each test case: in-
dividuals with Dutch and Surinamese backgrounds
for Test Case 1, practitioners of the relevant reli-
gious traditions for Test Case 2, and individuals
with Dutch, Portuguese, and Sri Lankan heritage
connections for Test Case 3. When a participant
lacked knowledge for a given keyword category,
we recorded the phrase “I don’t know” as the key-
word input. This deliberate inclusion simulates
visitors with limited prior knowledge, informed by
He et al. (2025), who found that user familiarity
with a heritage site significantly affects output accu-
racy. Each random perspective was obtained from
a participant with no prior familiarity with the spe-
cific heritage site or its cultural context, simulating
a general visitor with limited subject knowledge.
Throughout this study, the term ‘visitor’ refers to
an individual representing a particular cultural per-
spective, simulating the range of people who might
engage with a heritage site, whether as members of
an associated community, a historically connected
nationality, or as a general member of the public.

The user keywords were first input into DALL-E
3, which automatically rewrites user inputs into
expanded prompts before generating images (see
Table 2). As discussed in Section 2.3, this inter-
mediate prompt rewriting is common practice in
current T2I pipelines. It also represents a key site
of potential meaning change and constitutes one of
the central objects of analysis in this study. Sec-
tion 3.2 examines how this transformation reshapes
user intent across all 13 perspectives.

To compare image generation performance on
an equal basis, we used the DALL-E-expanded
prompts as identical inputs for Stable Diffusion
V3.5 and Midjourney V.6. This two-stage design
serves two purposes. First, it enables analysis of
how LLM-based prompt rewriting affects cultur-
ally specific inputs. Second, it allows a controlled
comparison of three image generation models in-
terpreting the same enriched prompt. This means
Stable Diffusion and Midjourney were not tested
on raw user keywords. Their scores reflect image
generation capability given an already-transformed
prompt.

3.2 Analytical Procedures

This user prompt-driven Al image generation was
followed by analytical and evaluation procedures
that combined qualitative and quantitative tech-
niques, analysing two key aspects:

1. Linguistic Analysis — examining the inter-
mediate conversion of user-given keywords
into model-generated prompts

2. Visual Analysis — evaluating the historical
accuracy of the Al-generated images

We identified the following eleven linguistic
operations through iterative analysis of the 13
keyword-prompt generation pairs, drawing on
established categories from paraphrase typology
(Vilaet al., 2014) and adapted to the specific con-
text of LLM-based prompt rewriting for image gen-
eration:

(1) Synthesis/Generation
(ii) Specification
(iii)) Expansion
(iv) Enrichment
(v) Clarification/Disambiguation
(vi) Merging
(vii) Substitution
(viii) Omission
(ix) Rephrase
(x) Visual mapping
(xi) Style-context matching

To assess the accuracy of historical details de-
picted in the generated images, three heritage
experts evaluated the 39 image outputs using a
custom-designed evaluation form. One domain-
specific expert with relevant specialisation (in his-
tory, art history, or heritage interpretation respec-
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tively) assessed each test case. The evaluation
combined quantitative and qualitative assessments:
each image was rated across the 8 cultural criteria
(see Section 3), using a scale of 1 (no resemblance
to the historically expected depiction) to 5 (highly
accurate and culturally appropriate representation),
with space provided for textual remarks. The quali-
tative feedback was particularly valuable for inter-
preting lower scores. It is important to note that
the experts were not asked to evaluate the perspec-
tive conveyed by the images, but solely to assess
the plausibility of visual details across the 8 cul-
tural criteria. As each test case was evaluated by
a single expert, inter-rater reliability could not be
calculated; this limitation is discussed in Section 6.

Following expert feedback, we cross-analysed
all 39 images using three methods:

(a) Single perspective across models
(b) Multiple perspectives within one model
(c) Multiple test cases within one model

4 Data Analysis & Results

The data analysis across three test cases suggested
notable variations in how Al models performed
depending on the heritage contexts.

4.1 Intermediate Linguistic Transformations
between User-Given Keywords and
Model-Generated Prompts

In Test Case 1 (Surinamese Plantations), linguis-
tic operations such as Specification, Enrichment,
and Expansion have been consistently applied for
six keyword categories, except in Atmosphere and
Artistic Style, across Random, Dutch, and Suri-
namese visitor perspectives, to make prompts more
comprehensive for supporting image generation
(see Table 1). It is noteworthy that requested ar-
chitectural references have been omitted or rein-
terpreted depending on the visitor’s standpoint (i.e.
accommodating ‘Dutch colonial architecture’ in
all prompts, and omitting ‘Surinamese architec-
tural elements’, except in the Surinamese prompt).
Notably, the model retained the input ‘Surinamese
workers’ only in the Surinamese visitor prompt, but
substituted it with ‘Enslaved Africans, labourers’
for the other two perspectives.

The linguistic operations Enrichment, Expan-
sion, and Specification have been used across all
eight criteria in all six perspectives for Test Case
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Heritage Experts Ratings for Test Cases

9%

66

36

35
28 28

Model Performance (%)

60

Test Case 1 Test Case 2 Test Case 3

[ DALLE Stable Diffusion Midjourney

Figure 2: Cumulative heritage expert ratings (and per-
centages of maximum possible scores) for Al-generated
images across three test cases and three models. Scores
aggregate one expert’s ratings per test case across all
perspectives and eight cultural criteria, each rated on a
1-5 Likert scale.

2 (Sri Pada Mountain religious heritage site), pro-
ducing poetic language and descriptively detailed
descriptions. However, except in the Buddhist and
Random perspectives, inaccuracies have emerged
in all prompts, as the model has incorrectly im-
plied the pre-existence of a footprint or introduced
architectural elements, supposedly based on doc-
umented history rather than the user’s keyword
input.

Test Case 3 (Dutch siege of Galle Fort) with four
perspectives (Dutch, Portuguese, Sri Lankan, and
Random), had an inverse relationship between in-
put details and output quality. While the model
extensively expanded the Random visitor’s brief
input into the most detailed and contextually accu-
rate model prompt, the Dutch and Portuguese visi-
tors’ comprehensive inputs were simplified, with
commander names omitted and specific historical
details substituted by vague generalisations.

Across all three test cases, these intermediate
linguistic transformations have had both positive
and negative impacts. Positive effects are refining
vague inputs into coherent and visually descriptive
prompts, while negative effects include inaccura-
cies, cultural misinterpretations, and the modifica-
tion of user intents, which directly impacted the
resulting historical image reconstructions.

4.2 Comparative Image Analysis

Heritage expert ratings are recorded as cumula-
tive scores for the Al-generated image depictions
of each test case (see Figure 2). DALL-E consis-
tently outperformed Stable Diffusion and Midjour-
ney, with the strongest results in Test Case 2 and



Dutch Visitor’s Perspective

Criterion User Input Keyword(s) Prompt Phrase(s)/ Expansions Linguistic Operation(s) Ob-
served by the Author
1) Topic Surinamese Plantation dur- a day on a Suriname sugar plantation  Specification
ing the colonial period during the colonial era
2) Landscape/ En-  Surinamese land surrounded by towering palm trees and  Expansion
vironment lush greenery Enrichment
3) Architecture Colonial plantation bunga- a white plantation house with a red-tiled  Specification
low, labour quarters/ camps  roof and wraparound veranda Enrichment
Omission
4) People Dutch plantation owners, enslaved Africans... two European men  Substitution
Surinamese workers in period attire Specification
5) Activities Slaves are working, and toil in the fields... overseen by... Rephrase

Dutch Masters overseeing it

6) Atmosphere Daytime

...captures a day

(no significant observation)

7) Special Ob-
jects (if any)

Plantation-related objects

baskets, wheelbarrow, agricultural tools

Generation

8) Artistic Style Any style suitable for a his-

torical scenery

A traditional oil painting

Style-context matching

Table 1: Linguistic transformations of the Dutch visitor’s perspective in Case Study 1 (Surinamese Plantations),
showing user-provided keywords, DALL-E 3’s rewritten prompt phrases, and the linguistic operations identified for
each criterion. Notable transformations include the substitution of *Surinamese workers’ with "enslaved Africans,’
the omission of user-requested labour quarters, and the generation of specific objects not present in the original

input.

the weakest across all models in Test Case 1.

In Test Case 1, involving Surinamese colonial
plantations, the cumulative scores of all perspec-
tives given by heritage experts for each model were:
DALL-E 42, Stable Diffusion 34, and Midjour-
ney 34, out of a possible 120. The score differ-
ences were minimal, and no model scored higher
than 3 on any individual cultural criterion. These
widespread inaccuracies across all visitor perspec-
tives reveal that all three models struggled in repre-
sentation (see Figure 3).

Test Case 2, which focused on the plurality of
religious beliefs of the Sri Pada Mountain heritage
site, surprisingly revealed strong results. Despite
initial expectations that South Asian religious set-
tings might be challenging to represent for predomi-
nantly Western-trained models, all three performed
reasonably well in representing diverse pilgrim per-
spectives. DALL-E led with 225 points, followed
by Stable Diffusion with 210, and Midjourney with
202, out of 240. However, some Stable Diffusion
outputs resembled Far East Asian rather than South
Asian landscapes.

Test Case 3, depicting the Dutch capturing
Portuguese-held Galle Fort in 1640, revealed sig-
nificant performance gaps. DALL-E scored 106,
Midjourney 57, and Stable Diffusion 38, out of
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a possible 160, with each model scoring roughly
half that of the preceding one. While DALL-E pro-
duced the most historically plausible visualisations,
all models still displayed weaknesses in historical
accuracy across the four visitor perspectives.

4.3 Overall Observations

We observed several patterns across the three test
cases. The linguistic analysis revealed that when
users provided vague and ambiguous text inputs
(i.e. “I don’t know”, “...maybe?”), especially in
random visitor perspectives, the model (DALL-E)
filled the gaps with information that was at times
accurate and sometimes not. In the Surinamese test
case, we noticed an imbalance in representation of
architectural elements, as the colonial bungalows
were consistently and prominently depicted, while
the user-requested structures, like labour houses,
were largely ignored, appearing only in two of the
nine images generated. Further we observed imbal-
ances in the Galle Fort test case, with the depiction
of Portuguese and Dutch forces, where images have
frequently under-represented the Dutch forces re-
gardless of the visitor perspective, especially in
Stable Diffusion and Midjourney. However, lin-
guistic transformations that occurred in prompts
(see Section 3.2) appear to have had an impact on



this imbalance.

The analysis of the linguistic transformation pro-
cess further revealed notable model tendencies:
neutralisation and amplification, observed in cer-
tain contexts. In the Surinamese test case, the
model tended to soften or neutralise references to
colonial violence (in user inputs) without explicit
instructions, and expert feedback confirmed that
the resulting images have often been romanticised,
lacking any reflection of the historical hardship
inherent to the setting. One possible explanation
is that the model’s safety or content moderation
mechanisms may influence how it handles refer-
ences to historical violence, though this cannot be
confirmed given the closed-source nature of these
models.

Conversely, in the Sri Pada Mountain test case,
the linguistic transformation has amplified the spir-
itual and emotional language, deepening the sacred
tone of the images. However, this same linguistic
transformation process has introduced a critical er-
ror in the Hindu, Islamic, Christian-I and Christian-
II pilgrim perspectives, by misrepresenting those
less-documented religious beliefs (the act of im-
printing a footprint as a pre-existing one on the
rock summit), leading to inaccurate image outputs.

Furthermore, Test Case 3 revealed a surprising
inverse relationship between input details and out-
put quality, where the random visitor’s brief input
yielded the most detailed and contextually accurate
prompt, while the model simplified the comprehen-
sive Dutch and Portuguese visitor inputs into brief,
vague, generalised prompts.

Across the three test cases, the models performed
better on the spiritual heritage scenario (Test Case
2) than on the historical event reconstructions (Test
Cases 1 and 3). However, this likely reflects dif-
ferences in representational complexity rather than
an inherent category distinction—Test Case 2 in-
volved fewer compositional demands per image
frame. Furthermore, notable differences in how
human figures are portrayed were evident across
the models. Stable Diffusion produced vague de-
pictions, Midjourney frequently avoided showing
faces, and DALL-E consistently rendered highly
detailed, expressive faces in the foreground. Simi-
larly, the models differed in their use of colour and
style. Despite prompts requesting traditional oil
painting styles and historical scenes, Stable Diffu-
sion images consistently used bright, high contrast
colours, which experts remark as unrealistic and
less effective for historical scene depictions.
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Overall, errors, omissions, and misinterpreta-
tions of user inputs during the intermediate linguis-
tic transformation process were observed across all
perspectives and test cases. In addition, the varied
nature of the heritage test cases required domain-
specific experts (one per case, with expertise in
domains including history, art history, and heritage
interpretation) to validate the historical accuracy
of the image depictions. However, it also intro-
duced varying levels of criticality and interpretive
subjectivity, which should be kept in mind when
interpreting the results.

5 Discussion

5.1 Potential of Gen-Al in Fostering
Meaningful Dialogue on Multivocality in
Heritage Interpretation

Despite the limitations identified, the findings
suggest that Gen-Al may offer a useful starting
point for engaging audiences with the complexi-
ties of heritage interpretation, particularly when
used alongside expert guidance. Across the three
test cases, while models often struggled with his-
torical accuracy, they demonstrated an ability to
visualise multiple perspectives within a single her-
itage scenario, providing an initial basis for explor-
ing how diverse perspectives on heritage might be
visualised.

For instance, in the Sri Pada Mountain case, Al
models captured distinct spiritual atmospheres for
Buddhist, Hindu, Islamic, Christian pilgrims (and
Random visitors), reflecting the site’s layered, over-
lapping beliefs. Even in the more challenging Suri-
namese and Galle Fort contexts, generated visuals
reflected diverse standpoints, local, colonial, and
neutral, illustrating how generative Al can serve as
a starting point for critical conversations about how
complex histories are viewed and remembered.

The models tended to simplify or neutralise sen-
sitive histories in the Surinamese plantation and
Galle Fort cases, while amplifying spiritual and
emotional language in the Sri Pada Mountain case.
These tendencies likely reflect the composition of
training data, which is predominantly drawn from
digitised Western sources and dominant historical
narratives. In heritage contexts such as the Suri-
namese and Galle Fort cases, the perspectives of
colonised and enslaved populations were histori-
cally excluded from official documentation by the
very authorities who produced it. The available
training data for these contexts is therefore both



scarce and skewed toward the dominant perspec-
tive, meaning the models have fewer and less di-
verse references to draw on. Al-generated heritage
imagery consequently risks compounding existing
representational gaps, amplifying well-documented
perspectives while further marginalising those that
were suppressed at the source. Recognising these
limitations is essential, as gen-Al alone cannot re-
solve historical bias or representation gaps.

When such imagery is considered for use in cul-
tural institutions, additional considerations arise
beyond historical accuracy. This study consulted
individuals with Surinamese heritage to inform
prompt construction; however, the deployment of
Al-generated imagery depicting enslaved popula-
tions in museum or visitor engagement settings
would require broader consultation with descen-
dant communities. Not only on what is depicted,
but on the conditions under which such imagery is
displayed, contextualised, and circulated. As sev-
eral generated images in this study tended toward
romanticised depictions of plantation life, institu-
tions adopting these tools should establish review
processes that ensure such imagery is accompa-
nied by appropriate contextualisation and does not
inadvertently aestheticise historical suffering.

Nevertheless, its capacity to produce multivo-
cal visual narratives offers heritage professionals,
educators, and communities a participatory tool
that, used critically and alongside expert input, can
foster richer and more inclusive dialogue around
complex and contested heritage. To support this
critical use, we propose practical guidelines derived
from the failure patterns documented above.

5.2 Guidelines for Structured Prompt
Construction in Heritage Image
Reconstruction

The analysis across three test cases and three
models revealed recurring failure modes in Al-
generated heritage imagery: omission of culturally
specific elements, substitution of user terminology
with generalised alternatives, romanticisation of
sensitive historical contexts, and imbalanced repre-
sentation of different groups within a scene. Based
on these observations, we propose the following
guidelines for constructing prompts that mitigate
these specific issues.

We recommend describing the intended scene
using structured keywords across eight dimensions,
rather than in paragraph form, as this reduces the
likelihood of elements being merged or omitted
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during the intermediate prompt transformation:

(a) Topic — the event or scenario, including ex-
plicit time period and geographic specificity,
to prevent the model defaulting to generic his-
torical settings.

(b) Landscape/Environment geography,
lighting, season, flora and fauna, structured as
foreground, middle-ground, and background
where possible, to reduce the model’s reliance
on stereotypical landscape compositions.

(c) Architecture — structures, materials, and
culturally distinctive designs. Our anal-
ysis showed that colonial-dominant struc-
tures were consistently prioritised while user-
requested alternatives (e.g. labour quarters)
were omitted. Listing all intended structures
with equal specificity can counteract this ten-
dency.

(d) People (including attire) — clothing, ethnic-
ity, and social roles, using precise terminol-
ogy. The substitution of ‘Surinamese workers’
with ‘enslaved Africans’ in some perspectives
but not others demonstrates that user-provided
terms are not always preserved. Explicit, con-
sistent terminology across this dimension is
critical.

(e) Activities — specific actions and interactions,
described with sufficient detail to prevent neu-
tralisation. Vague descriptors like ‘working in
the fields’ were consistently softened; speci-
fying the nature and conditions of labour can
resist romanticisation.

(f) Atmosphere/Ambience — mood and emo-
tional tone. This dimension proved particu-
larly important for counteracting the model’s
tendency to aestheticise difficult histories. Ex-
plicit descriptors such as ‘reflecting hardship
and forced labour’ rather than neutral terms
like ‘daytime’ can guide the model away from
picturesque defaults.

(g) Special Objects — tools, machines, furnish-
ings, transportation. When left unspecified,
the model generated plausible but historically
inaccurate objects. Providing specific items
grounded in the historical context reduces this
risk.



(h) Artistic Style — preferred style aligned with
the historical context. Our findings showed
that style-context matching was one of the
more reliable transformations, but specifying
style explicitly remains important to avoid
anachronistic visual treatments.

We further recommend the following process:

1. Define the image’s intended purpose and the
perspective it should represent.

Construct keywords across all eight dimen-
sions, ensuring equal specificity for all cul-
tural groups and elements in the scene.

Generate the prompt using a suitable LLM,
then critically review the expanded prompt
before image generation — checking specifi-
cally for omissions, substitutions, and neutral-
isation of sensitive content.

Generate images across multiple models to
compare outputs, as our results showed sig-
nificant variation in how models interpreted
identical prompts.

Seek expert review, particularly for profes-
sional or educational use in cultural institu-
tions.

These guidelines do not guarantee historically
accurate outputs, but they address the specific fail-
ure patterns documented in this study and provide
a structured basis for iterative improvement.

6 Conclusion and Future Work

This research investigated whether generative Al
image models can produce historical reconstruc-
tions that reflect multiple cultural perspectives. It
examined both the linguistic transformations ap-
plied to user prompts and the visual accuracy of the
resulting outputs across three heritage test cases
and three T2I models. Three findings emerge from
this exploratory study. First, intermediate prompt
rewriting, a largely unstudied stage in T2I pipelines,
substantially affects output accuracy, introducing
both helpful enrichments and culturally inaccurate
modifications. Second, model performance var-
ied across heritage contexts: all three models per-
formed reasonably on the spiritual heritage sce-
nario but struggled with the representational com-
plexity of colonial and military scenarios. Third,
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recurring patterns of representation imbalance, con-
tent neutralisation, and Western-centric defaults ap-
peared across test cases, consistent with the broader
literature on cultural bias in T2I systems. Based
on these findings, we proposed practical guide-
lines for structured prompt construction in cultural
heritage contexts. Future work should expand to
additional models and heritage contexts, include
multiple expert evaluators per test case to enable
inter-rater reliability assessment, and test whether
structured prompts measurably improve accuracy
through iterative application. Generative Al shows
early promise as a supplementary tool for explor-
ing multivocal heritage interpretation, but its use
requires critical evaluation and expert oversight.

Limitations

The scope of this research was limited to three Al
models and three heritage test cases; broadening
to a wider range of heritage scenarios and models
would yield deeper insights into model behaviour.
Each test case was evaluated by a single heritage
expert, precluding inter-rater reliability measure-
ment, and engaging multiple experts per case is
recommended to reduce the impact of varying inter-
pretive thresholds. The experimental design used
DALL-E 3’s expanded prompts as inputs for Stable
Diffusion and Midjourney, meaning those models
were not tested under their own pipeline condi-
tions, which limits direct comparability. The semi-
structured discussions involved seven purposively
sampled participants, a small sample that may not
fully represent the breadth of cultural perspectives
relevant to each case. Furthermore, the study as-
sessed historical accuracy of visual details but did
not evaluate whether end-users perceived the im-
ages as representing meaningfully distinct perspec-
tives. While individuals with Surinamese heritage
were consulted for keyword generation, this study
did not assess the broader ethical considerations
that would arise from deploying Al-generated im-
agery of enslaved populations in cultural institu-
tions. Future work should explore how museums
and heritage sites can establish appropriate ethical
frameworks, including descendant community con-
sultation, contextualisation protocols, and display
guidelines, before integrating such imagery into
public-facing interpretation. Finally, the closed-
source nature of the models tested limits our ability
to make causal claims about why specific transfor-
mations or outputs occurred.
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Table 2: Case Study 1 — Surinamese Plantations: User input keywords and Al-generated prompts across three visitor

perspectives.
User Input Keywords Al-generated Prompt (DALL-E 3)

Topic: Surinamese Plantation during the A colonial-era oil painting showcases a day on a
5 colonial period Surinamese plantation, with enslaved African
= Landscape/Env.:  Surinamese land, maybe flat land I ~ workers toiling under the watch of Dutch overseers.
s guess In the foreground, laborers engage in agricultural
= Architecture: Colonial architecture, Surinamese tasks, while a grand plantation house with Dutch
= architecture architectural elements dominates the background,
5 People: Surinamese people, Dutch people surrounded by lush tropical vegetation. The piece
~ Activities: Surinamese people working in the  employs earthy tones, rich greens, and subtle

land, Dutch overseeing it splashes of color to create a balanced composition,
Atmosphere: Daytime focusing on the contrast between the workers and

Special objects:
Artistic Style:

I don’t know
Any style suitable for a historical
scenery

their overseers.

Topic: Surinamese Plantation during the
colonial period A traditional oil painting captures a day on a
Bt . . . . .
S Landscape/Env.:  Surinamese land Suriname sugar plantation during the colonial era.
= Architecture: Colonial plantation bungalow, Atits heart is a white plantation house with a
: labour quarters/camps red-tiled roof and wraparound veranda, surrounded
8 People: Dutch plantation owners, Suri- by towering palm trees and lush greenery, while
E namese workers enslaved Africans toil in the fields nearby, overseen
Activities: Slaves are working, and Dutch Mas- by two European men in period attire.
ters overseeing it
Atmosphere: Daytime
Special objects:  Plantation-related objects
Artistic Style: Any style suitable for a historical
scenery
. Topic: Surinamese Plantation during the A historical 2D reconstruction of a Surinamese
S colonial period plantation during the colonial period, set in the lush
2 Landscape/Env.:  Surinamese land tropical Surinamese landscape. In the scene, a
> Architecture: Colonial plantation b low, Suri- lonial-style plantation bi 1 ith Suri
© : plantation bungalow, Suri- colonial-style plantation bungalow with Surinamese
g namese architecture architectural elements stands prominently.
5 People: Surinamese workers, Dutch Planta-  Surinamese workers are seen laboring in the fields
E tion owners under the hot daytime sun, engaged in plantation
@ Activities: My people (Surinamese) working  activities such as harvesting and carrying loads.
hard, and Colonial Dutch plantation ~ Dutch plantation owners in colonial attire are sternly
owners are tightly overseeing overseeing the work. The environment features
Atmosphere: Daytime typical plantation crops, tools, and equipment of the

Special objects:
Artistic Style:

Plantation-related objects
Any style suitable for a historical
scenery

time. The artistic style reflects a realistic yet painterly
tone suitable for a historical scene, emphasizing the
atmosphere and social dynamics of the colonial era.
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Random Visitor’s Perspective

DALL-E Stable Diffusion Midjourney

Dutch Visitor’s Perspective

DALL-E Stable Diffusion Midjourney

Surinamese Visitor’s Perspective

DALL-E Stable Diffusion Midjourney

Figure 3: Case Study 1 — Images generated of Surinamese Plantations during the colonial period for random, Dutch,
and Surinamese perspective.
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