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Abstract: The Indus script has been one of the most perennial archaeological-
epigraphical problems because of the lack of bilingual sources, extreme lack of data, and
widespread physical destruction of the artifacts. New computational directions to overcome
these limitations are provided by new developments in artificial intelligence, machine
learning, and computer vision. The paper is a systematic review of Al-based methods for
identifying, analyzing, and interpreting epigraphic texts and graphemes in damaged Indus
Valley seal articles. After a systematic review of the literature, publications between 2009
and 2025 were thoroughly reviewed and classified into thematic groups, such as statistical
and computational linguistics, deep learning-based visual analysis, allograph identification,
pattern modeling, crowdsourced dataset construction and multidisciplinary methodologies.
The review assesses methodological designs, data features, preprocessing procedures,
model structures and reported performance measures, whereas common pitfalls include
artifact distortion, small annotated data, segmentation ambiguity and computational capacity.
The study indicates significant advancements in grapheme and motif detection, with ongoing
shortcomings in the domain of semantic decipherment and linquistic interpretation. With
comparison insights, a multi-phase analytic model is put forward that incorporates
preprocessing, sign reduction, visual recognition, pattern recognition, and interpretation
modeling. The paper concludes that significant developments should involve more intensive
incorporation of computational practices into archaeological and linguistics to foster further
research in digital epigraphy and computational archaeology.
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Introduction

The Indus Valley Civilization or the Harappan Civilization was one of the earliest
large-scale urban communities to be found in the fertile plains of the Indus River that
flourished between 3300 and 1300 BCE (Wright, 2010). It had a vast cultural space in the
geographical region of South Asia and spread along the major settlement units and
probably up to the shores of the long-since-vanished Saraswati River (Petrie et al., 2019).
The civilization is well known for great city design, with highly developed drainage
systems, integrated baked bricks, and a very stringent weights and measures system
(Wright, 2010). The excavations of different sites have shown a huge number of seals and
other items carved in the nearly illegible Indus script (Shinde et al., 2018). The Indus script
is one of the most significant interpretive mysteries in the archeological analysis because it
has not yet been deciphered. The meaning of the world (e.g., Egyptian and Mesopotamian
scripts) was deciphered because of the discovery of bilingual materials, such as the
Rosetta Stone; however, the Indus script has remained undeciphered for the previous
eight decades (Rao et al., 2009b). The fact that it is still undeciphered is one of the largest
issues regarding the cultural and language system of the civilization (Parpola, 2009). As of
now, about 80% of the Indus inscriptions are on seals (Kenoyer, 2011), (Kenoyer et al.,
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2013) and the remainder are found in various objects such as the pieces of pottery,
copper, stone objects, and other ornamental pieces. Most of them are broken, damaged,
or incomplete due to decades of exposure to negative environmental conditions and a lack
of conservation over centuries (Rao, 2010) (e.g., Figure 1 (Frenez & Vidale, 2012)). This
destruction renders it difficult to interpret the inscriptions and identify individual graphemes
in the right manner (Yadav & Vahia, 2011). Most of the inscriptions were very short,
(averaging five signs per text), which further limits linguistic context and complicates
analysis.

Figure 1. A five-sign inscription Indus Valley seal with clear physical degradation. Signs of
preserved Indus script are highlighted, and those areas where the clarity of the grapheme is
disturbed.

With the emergence of artificial intelligence and machine learning, new
opportunities for dealing with these issues have appeared. In comparison with the
conventional epigraphic techniques that are extremely time-consuming and require the
work of specialists to conduct the analysis, Al-based methods have the ability to process
vast amounts of data, detect some hidden patterns that cannot be perceived by human
observers, and test a series of hypotheses in a way that is somewhat systematic and
orderly. Nonetheless, the use of these technologies on ancient texts poses special issues
that are considerably different from the use of OCR today, such as extreme data sparsity,
lack of ground truth labels, large noise levels, and integration of domain expertise. The
article presents a review of the current developments in the study of Indus scripts aimed at
determining and deciphering the epigraphic text and graphemes in the scope of the
damaged seal artifacts. We analyze the approaches used in the past critically, assess their
performance, and say how the new technologies, in particular, machine learning and
computer vision, can become a major factor in developing the field of archaeology and
epigraphy research. Figure 2 provides an overview of our proposed Al-based approach to
the methodology of interpretation of degraded Indus seal scripts and identification of
motifs.
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Figure 2. Al-based identification and interpretation of epigraphic scripts and graphemes.
The workflow encompasses text segmentation, motif discovery, and symbol recognition,
with future prospects directed towards generative Al.

Research Objectives:
The objectives of the review are to:

a. Reorganize and critically analyze the recent studies of Al usage in reading the
Indus script.

b. Determine and classify technical issues relating to damaged or absent artifacts
in inscriptions.

c. Determine the computer vision methods in grapheme and epigraphic text
recognition.

d. Discuss the possibilities and constraints of machine learning to read, decipher,
and interpret the Indus script.

e. Suggest a new combined system and new research directions of digital
epigraphy in archaeology.

Literature Review

The Indus script still stands as one of the greatest archaeological and epigraphical
dilemmas, mainly because of the low state of most of the remains and the lack of bilingual
inscriptions to compare them. The script is mainly on seals and is usually viewed as logo-
syllabic, and separate signs probably signified words or syllables as in ancient writing
systems. The problem of interpreting such scripts has long been noted to be a challenge
that cannot be achieved without structural analysis but also the idea of cultural and
linguistic context, which is even more complicated by the fact that, due to a great deal of
stylistic diversity between inscriptions, such scripts may be rather hard to interpret (Shad
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et al., 2024). To resolve these problems, scholars have increasingly resorted to
computational methods, such as artificial intelligence, natural language processing, optical
character recognition, and deep learning, to automate and improve epigraphic analysis in
terms of pattern recognition, image processing, semantic modeling, and, more recently,
generative Al methods.

Both statistical and linguistic evidence indicate that the Indus script has structural
regularities along with the combination of logographic and syllabic features (Mirbahar,
2024). These are in line with the Dravidian hypothesis which has been empirically
investigated by scholars like Asko Parpola through rebus-based interpretations.
Computational analyses have also been done to analyze regional variation and sequential
dependencies in the script. Venkatesh and Farghaly (2023a) used the ICIT corpus to
determine the inscriptions of West Asia and the Indian subcontinent using perplexity-based
models and thus found out that these two areas had distinct stylistic differences that were
caused by the rare sign patterns. The same statistical model results of earlier by Rao et al.
(2009a) also showed an equal positional constraint, whereby there were some signs that
are often at the start or end of an inscription, indicating a syntactic structure.

The innovation of computer vision and deep learning have enhanced the automated
analysis extensively. In the article, Palaniappan and Adhikari (2017) came up with ways of
segmenting Indus seals into graphemic, non-textual, and hybrid parts that can be used to
identify repetitive symbols in the Mahadevan corpus in a reliable way. The newer end-to-
end pipelines, including ASR-Net and MIP-Net by Atturu (2024), are a combination of an
object detectors and classification networks that identify graphemes and motifs even in
damaged or partially visible seals. These systems use YOLOvV3 to localize graphemes,
MobileNet to classify, and a specific CNN to identify motifs, which is a significant step in
automated OCR of ancient scripts. CNN-based methods in regions with InceptionV3 and
ResNet50 architectures have also been shown to be robust to noise, as well as to
degradation on epigraphic segmentation tasks (Preethi & Mamatha, 2023). The use of
hybrid systems combining CNNs with classical operations of feature extractors, like SIFT
with SVMs, also demonstrates the superiority of the deep learning models, with their
classification rates reaching up to 98.22% when they are backed with suitable
preprocessing tools of contrast-limited adaptive histogram equalization (Sindhu et al.,
2023).

Besides visual recognition, allograph identification has also become an important
preprocessing step in script analysis. Daggumati and Revesz (2021) used data mining and
statistical testing to find unnecessary signs variants and showed that often, mirrored and
asymmetric signs are variants of direction, and not variants of semantics. They used their
analysis to cut the effective sign inventory to a smaller, easier to compute set of sign pairs,
which made further computational modeling significantly easier. The n-gram Markov chain
models have been used through complementary statistical methods to predict missing or
damaged signs, and have reached prediction accuracies of about 63% on over 100
incomplete inscriptions, providing information on symbol placement and syntactic
regularities (Venkatesh & Farghaly, 2023b).

To mitigate the continuous dearth of quality training data, scholars have considered
other strategies of constructing data sets. Saini et al. (2022, 2024) proposed a
crowdsourcing methodology (the IndusDraw platform) using which volunteers created
handwritten examples of Indus symbols. Although the dataset was limited, classification
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models trained on this dataset obtained the level of approximately 70% accuracy, which
proved that social data collection can reduce the problem of data scarcity and enhance the
robustness of models to stylistic differences across regions and over time.

The recent multidisciplinary activities are additional examples of the widening of the
scope of computational epigraphy. A combined framework developed by Neukart (2025),
combining computer vision and machine learning, clustering, symbol frequency analysis,
comparative mythology, and proto-linguistic reconstruction, was proposed to study
inscriptions on Indus copper plates. Even though it is a small sample with disputable
conclusions, the study offers symbolic and thematic similarities between the Indus script
and other early writing systems and poses significant inquiries regarding the cultural and
philosophical purposes of the Indus script. All these studies together show that although
computational approaches have greatly improved the analysis of structure and visual
recognition, the successful interpretation of the Indus script depends on the combination of
Al procedures with archaeological background and linguistic analysis.

Table 1. Comparative summary of Al, machine learning, and statistically driven approaches
for Indus script analysis

Reference Data Type Data Quantity Achievement Limitations
Rao et al. Indus Not specified  Establishes positional Only statistically
(2009a) inscriptions constraints of signs; encoded; controls
identifies statistical statistical patterns only;
regularities no semantic decoding
Palaniappan | Seal Mahadevan Automated Only successfully done
& Adhikari images; corpus  seal segmentation of for segmentation;
(2017) graphemic images text/non-text regions; deciphering not
regions successfully identified = addressed; needs
repetitive symbols | human-assisted
(sign 342) annotation
Daggumati Sign lists 50 pairs of Sign reduction Multi-directionality can
& Revesz allographs (23 established; multi- only be proved by
(2021) mirrored, 27 directionality analysis  validation of groupings
non-mirrored)

Saini et al. Handwritten 10 symbols x 70 percent Old-fashioned; only 10
(2022, 2024) Indus 36 volunteers | classification; symbols; limited
symbols = 360 samples = handwritten  dataset samples

created reproducibly
Preethi & Ancient Not specified  Noise-resistant and No specifications to
Mamatha epigraphic degradation-resistant  Indus script; no
(2023) inscriptions segmentation; deciphering capability;
successful digitization ' large training dataset
needed
Sindhu et al. Ancient Not diverse; 98.22% accuracy in Not tested on Indus
(2023) inscription not tested on classification script; limited dataset
images Indus script diversity
Venkatesh & Indus ICIT  corpus Anomaly detection No meaning extraction;
Farghaly inscriptions  (varying identified reliant on corpus quality
(2023a) of West Asia regional
and Indian datasets)

subcontinent
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Limitations

Achievement

Ali Farghaly Inscriptions = 100+ texts 63% missing sign Uncertainty inherent in
et al. (2023b) with missing prediction; probabilistic approach;
signs understanding symbol ' moderate accuracy; no
placement; syntactic semantic prediction
hints
Atturu High- High- Effective on damaged Computationally
(2024) resolution resolution and partial images; expensive; visual
annotated annotated automated grapheme recognition only; no
seal images datasets and motif recognition  decoding
Mirbahar Theoretical | Not applicable @ Evidence in Indus Hypothesis requires
(2024) linguistic script signs; evidence | empirical testing
framework in linguistic patterns
Shad, Egon, Bilingual Not applicable = Emphasized problems No available Indus
and Potter inscriptions; of text interpretation; bilingual texts; abstract
(2024) historical importance of cultural framework; minimal
texts context practical use
Neukart Sequences | 9 copper plate Proposed meanings Very small sample size;
(2025) of symbols inscriptions of 9 inscriptions; interpretations
parallels with ancient ' controversial; lacks
languages; suggested independent verification
theological content
Methodology

The research takes a systematic literature review technique mixed with critical and
comparative analysis of the computational strategies towards deciphering Indus script. The
multi-phase framework is utilized with the combination of qualitative content analysis and
quantitative analysis of the artificial intelligence and machine learning methods. This study
is designed based on five objectives: (1) critical reorganization of recent Al-based
research, (2) taxonomy of technical issues related to damaged artifacts, (3) computer
vision approaches to grapheme recognition, (4) machine learning strengths and
weaknesses, and (5) development of a unified system and future study objectives.

Search Methodology

A detailed systematic search was conducted across various academic databases
such as IEEE Xplore, ACM Digital Library, Google Scholar, arXiv, ScienceDirect, and
Springer Link, among others. The search strategy was to use the relevant keywords; Indus
script, Indus Valley Script, Harappan script together with the terms artificial intelligence,
machine learning, deep learning, computer vision, optical character recognition, natural
language processing, pattern recognition, and decipherment. The search temporal range
was restricted mainly to the period between 2009 and 2025, with closer focus on the
literature published after 2017, with the aim of getting the latest technological advances.

Inclusion and Exclusion Criteria

The selection of the studies was also performed with the predefined inclusion and
exclusion criteria to guarantee relevancy and rigor of the methodology. Works that
specifically promote the analysis of Indus scripts by computational means, with the help of
Al, machine learning, deep learning, or computer vision, all of which are peer-reviewed
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journal articles, conference proceedings, or credible preprints. Moreover, the chosen
studies contain enough methodological description and measurable findings, and studies
on similar ancient scripts were taken into consideration in case of transferability of
methodologies.

The publications were filtered out when they had no computational or technological
aspect, were exclusively an archaeological or historical analysis without any Al or machine
learning, were not in English but had no reliable translation, and had insufficient
methodological transparency or reproducibility.

Analytical Framework

To meet the first aim, the analyzed literature was systematized into thematic groups
in accordance with their major methodological orientation: statistical and computational
linguistics; deep learning and computer vision; allograph identification and sign reduction;
pattern recognition and Markov models; dataset construction and crowdsourcing; and
multidisciplinary approaches. The studies were critically assessed based on theoretical
basis, methodological rigor, reproducibility, novelty and scholarly contribution. The
comparison analysis Table 1 was created to present the main characteristics, such as
methodological strategy, the nature of data, the size of the dataset, documented
performance, and identified limitations.

Systematic identification and classification of reported technical challenges in the
literature (grouped into four categories: artifact degradation (physical damage, erosion,
partial visibility), data scarcity (limited corpora, absence of bilingual texts, lack of
annotations), recognition and segmentation challenges (symbol variation, overlap, and
image noise), and computational constraints (scalability, resource requirements, and
model generalization)) served the second objective. The categories were studied to
determine prevalence, solutions offered, and effectiveness reported.

To address the third goal, computer vision-based solutions to grapheme and
epigraphic text recognition were compared and contrasted on a variety of dimensions,
such as the model architecture (e.g., ResNet50, InceptionV3, YOLOvV3, MobileNet, and
custom CNNSs), preprocessing techniques (image enhancement, noise reduction, CLAHE),
feature extractors (handcrafted, SIFT, and learned representations), and evaluation
measures (accuracy etc.). The focus of comparative analysis was placed on robustness to
noise, damage, and incomplete inscriptions, in which the transfer learning and domain
adaptation were considered in particular.

The fourth goal was to evaluate machine learning methods along three dimensions
of analysis, namely, reading performance (segmentation and symbol recognition),
decipherment potential (pattern discovery, sequence modeling, allograph detection, and
sign reconstruction), and interpretative limitations (semantic inference and linguistic
structure detection). The so-called strong sides, like high classification accuracy, were
opposed to the remaining constraints, like data dependency, poor semantic grounding,
and limited linguistic context.

The last goal that suggested a synthesized approach to the analytical framework
was obtained through the synthesis of high-performing and complementary approaches
that were found in the review. The suggested framework is based on a multi-stage pipeline
with a modular design that includes preprocessing, sign reduction, recognition, pattern
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analysis, and interpretation. It was designed based on gap analysis, modular architecture
development, evidence-based method selection, optimized integration and data flow, and
well-defined validation protocols to ensure robustness and scalability as well as
compatibility with future extensions by generative Al-based modular extensions.

Future Research

The systematic analysis of the following questions identified the direction of the
future research: (1) the countless issues that cannot be resolved in the course of
numerous studies, (2) the innovations that could be offered by new technologies that have
not been used to study the Indus script so far, (3) the limitation of the methods that may be
addressed by innovation, (4) the opportunities available in the interdisciplinary context of
archaeology, linguistics, and computer science, and (5) the possibility of their extension
and generalization on an even greater scale to implement them in digital epigraphy. All the
suggested directions were assessed in terms of their feasibility, possible impact, resource
needs, and technological aspects of the up-to-date trends. Special care was taken to
determine high-profile research areas that could deliver breakthrough findings in script
decipherment or make a big step forward in the area of computational archaeology.

Conclusions and Future Work

The review has discussed how artificial intelligence, machine learning, and
computer vision have come to play a role in solving the longstanding problem of Indus
script analysis. By employing a systematic reorganization and the critical examination of
the available literature, the paper has brought out how computational techniques have
significantly enhanced the tasks of grapheme, motif recognition and segmentation, as well
as the reconstruction of damaged inscriptions. Visual models built with deep learning,
statistical methods of pattern recognition, and training efforts to build datasets have shown
quantifiable improvements in the ability to process degraded and incomplete artifacts.
Nevertheless, the analysis also shows that there are still limitations, such as the absence
of a semantic background, extreme scarcity of data, bilingual reference, and limited
linguistic contextualization, which still prevent complete decipherment.

The suggested hybrid analytical model combines the most effective methodologies
into a pipeline of modules to match the visual recognition with the pattern analysis and
interpretative modeling. This framework emphasizes the need for comparisons between
disciplines, computational efficiency, and archaeological expertise, as well as linguistic
theory. All in all, the paper is able to conclude that, although there is a small possibility that
Al-based approaches will be able to decipher the Indus script in the near future; indeed
they represent a formidable suite of tools in terms of eliminating hypotheses, rebuilding
lost data, and aiding in human-centered interpretation. Further development of generative
Al, transfer learning, and collaborative dataset development, in turn, will be a crucial factor
in defining the future of digital epigraphy and computational archaeology.
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Abstract and Keywords in Bulgarian

Pe3rome: VIHOckama nucmeHocm e eOuH om Hal-mpalHume apxeosio2uy4eckKo-
enuepagcku npobnemu nopadu nurncama Ha 08ye3UYHU U3MOYHUUU, U3KIKYumesnHama
nunca Ha OaHHU U WUPOKO PasfnpocmpaHeHomo QuU3U4YeCKO YHUWOXasaHe Ha
apmegakmume. Hosume paspabomku 6 obracmma Ha U3KyCmeeHUs UHMmeseKkm,
MawuHHOmMoO oby4YyeHue U KOMIMMBbPHOMO 3peHue npedocmassm HO8U U34UCIIUMEsHU
Hacoku 3a npeodosiseaHe Ha me3u oepaHudeHus. Cmamusma rnpedcmasrnsea
cucmemamuyeH npeaned Ha Memoou, basupaHu Ha U3KYyCmeeH UHMmeJiekm, 3a
udeHmucbuyupaHe, aHanu3 u UHmMeprpemupaHe Ha enuzspagbcku mexkcmose u egpaghemu 8
nospedeHu nedamu om OonuHama Ha MWHO. Cned cucmemamuyeH npeaned Ha
numepamypama, nybnukayuume, nybnukyeaHu e repuoda mexdy 2009 u 2025 2., bsixa
wamesnHo npeenedaHu U KrnacuguuupaHu 8 memMamuyHu epynu, Kamo Harpumep
cmamucmu4yecka U KOMIMMbPHa JIUH28UCMUKa, 8u3yarneH aHanus, 6asupaH Ha 0b/160KO
obyuyeHue, udeHmucukayus Ha anoepacpu, modenupaHe Ha wabrioHuU, u3spaxdaHe Ha
Habopu om QdaHHU 4pe3 KpayOcopCcuHz U MyamulOuUCYUNIUHapHU Memooosioauu.
lMpeanedbm oueHssea memodono2uyHUMe OusalHu, Xxapakmepucmukume Ha OaHHUme,
npouedypume 3a npedesapumesnHa obpabomka, cmpykmypume Ha wmodenume U
omuyemeHuUmMe roka3amenu 3a egeKkmugHOCm, Kamo 4Yecmo cpewaHume Hedocmambyu
8K/oYeam Uu3KpuesisaHe Ha apmedghakmu, MajibK pa3Mep Ha aHomupaHume OaHHU,
HesicHoma Ha cesMeHmauyusma u usyucriumersneH kanayumem. [lpoydyeaHemo rokasea
3HayumersieH HarpedbK 8 OMKpuBaHemo Ha epageMu U MOmuBU, Kamo CbU,e8PEMEHHO
cbwecmsysam u Hedocmambuyu 6 obriacmma Ha ceMaHmuyHomo OJdewudbpupaHe U
e3ukosama uHmeprnpemauyuss. C nomowyma Ha cpasHUMesIHU [PO3peHuUsi ce rpednaza
MHoz2o(hba3zeH aHanumu4yeH Modesn, Koumo ekmwo4ysea npedsapumenHa obpabomka,
pedyuyupaHe Ha 3Hauu, eu3dyasiHO pa3ro3HasaHe, pasriosHasaHe Ha obpasu u moderiupaHe
Ha uHmepnpemayusma. B cmamusima ce 3aknwoyaea, He 3HadYumesnHume pas3eumus
mpsibea Oa 6KoY8am r0-UHMEH3UBHO BK/II0Y8AHE Ha KOMMIOMBbPHU [PaKmMuKu 8
apxeornoausima U nuHesucmukama, 3a 0a ce dosedam Ao rnogeye 6vOewu uscredsaHus 8
obniacmma Ha QuaumarniHama enuepaguka u KOMMomMbpHama apxeosioausi.

Knro4dosu OYMU.' WHOckama yusunu3ayusi; duaumasnHo CbXpaHeHue; U3KycmeeH
uHmernekm; 0b160K0 obyyeHuUe; 2eHepamueeH U3KyCmeeH UHmMerexkm.
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