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Abstract
The extensive variability in hieroglyph forms, coupled with erosion, fading, damage, and lighting effects, makes hieroglyphic
script highly complex and difficult to segment. This complexity, along with the scarcity of labeled data, poses challenges for
traditional supervised learning methods. In this paper, we present a novel unsupervised approach for detecting and localizing
Egyptian hieroglyphs in images. Our method employs classical computer vision algorithms to generate pseudo-labels, which
are then used to train a Faster R-CNN model. Augmented by post-processing techniques, our approach achieves detection
results comparable to that of previous supervised methods for hieroglyph segmentation. Evaluated on unseen backgrounds, it
demonstrates significant potential for advancing research in Egyptian culture and history.

CCS Concepts
• Computing methodologies → Object detection; Computer vision; • Applied computing → Arts and humanities; Archaeol-
ogy;

1. Introduction

Accurate detection and localization of hieroglyphs in Egyptian
texts can greatly enrich the study of Egyptian culture and history.
Automated methods can significantly aid this research by provid-
ing tools to efficiently analyze large amounts of hieroglyphic data,
but deep neural networks, which are commonly used for such tasks,
require large labeled datasets for effective training. Unfortunately,
there are not enough labeled images of Egyptian hieroglyphs, ne-
cessitating unsupervised methods that can work without annotated
data. Recent unsupervised and self-supervised neural approaches
have shown promising results through transfer learning, where
models are pre-trained on large datasets and then fine-tuned for spe-
cific tasks. However, these methods struggle with hieroglyphic text
images, which differ significantly from typical image datasets.

To address this problem, we present an unsupervised method
for detection and localization of hieroglyphs in images. We
first apply image analysis algorithms like Hough transform and
Canny edge detection to generate bounding boxes, which serve
as pseudo-labels for training a Faster R-CNN model. Post-
processing further enhances the accuracy and robustness of hi-
eroglyph localization. We evaluate our approach on the Unas
dataset [FvG13], the only publicly available dataset we could
find, and show that it outperforms recent unsupervised method
for hieroglyph detection [EES18]. Although our focus was on
vertically arranged hieroglyphs on stone, we tested our resulting
model on different unseen backgrounds. The results are compara-
ble to a supervised method [GPF∗23] where these backgrounds
were included in training. We will publish the code online to

support future research: https://github.com/tenosel/
Unsupervised_hieroglyph_localization.

In summary, the key contributions of our work are:

• An unsupervised approach to the detection and localization
of Egyptian hieroglyphs in images, effectively addressing the
scarcity of labeled data for Egyptian hieroglyphs.

• Significantly improved localization accuracy and robustness by
combining classical computer vision methods with a Faster R-
CNN and post-processing techniques, achieving results compa-
rable to supervised methods for hieroglyph segmentation.

• Robust inference across various backgrounds, demonstrating po-
tential for generalization.

2. Background and related work

Egyptian hieroglyphs are linguistic signs used in ancient Egypt,
consisting of 763 ideograms categorized into 26 groups, each iden-
tified by a Gardiner code [Gar57]. Hieroglyphs can be arranged ver-
tically or horizontally, often divided by lines into rows or columns,
and may appear in cartouches that enclose multiple hieroglyphs to
denote names of rulers or minor gods. Hieroglyphs were inscribed
on diverse materials (backgrounds) such as papyrus or wood, and
often carved into stone walls of temples, tombs and pyramids, typi-
cally using limestone or sandstone. This variety reflects the signifi-
cant and multifaceted role of hieroglyphic writing in ancient Egyp-
tian culture for religious, administrative and decorative purposes.

Hieroglyph detection and localization. Several studies use
classical computer vision techniques to detect and localize hiero-
glyphs [FvG13,DDHVC17,EES18]. The closest work to ours is by
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Elnabawy et al. [EES18]. Their method converts images to edge
maps, slices them using the Hough transform, applies Connected
Component Labeling to obtain foreground objects, and extracts
bounding boxes. Small images are removed in post-processing. We
use a similar initial pipeline for generating pseudo-labels but im-
prove results significantly by training a deep neural network and
extending post-processing, as detailed in Section 4.

Apart from these unsupervised methods there are several ap-
proaches that involve neural networks and labeled data for hiero-
glyph segmentation [GPF∗23] and classification [BCF∗21]. Sobhy
et al. [SHK∗23] use R-CNN for localization and a Siamese net-
work enhanced with a language model for classification. Guidi et
al. [GPF∗23] focus on segmenting hieroglyphs across varied back-
grounds using Mask R-CNN. Although we lacked a similar dataset,
our method yields comparable results on unseen backgrounds.

Unsupervised object detection and localization. In addition to
methods for hieroglyph analysis, other unsupervised object detec-
tion techniques include vision transformers for foreground detec-
tion [SPV∗21] and segmentation [KMR∗23], saliency detection us-
ing attention mechanisms [GSPK20], and co-saliency detection to
find common objects across images [FLL∗22]. However, these ap-
proaches are often designed for typical image types found in large
datasets and may not perform well on hieroglyphic texts without
specific labeled fine-tuning.

3. Glyph detection

The goal of this work is to localize as many hieroglyphs as possible
in a given image using only unsupervised methods. For network
training, input images must be 224x224 pixels. Since most hiero-
glyphic scripts are on larger surfaces and the corresponding images
are usually much larger than 224x224 pixels, we divide the input
image into overlapping 224x224 pixel tiles, with a 50-pixel step
size for training and a 150-pixel step size for testing.

The main steps of our approach are as follows: 1) Connected
Component Labeling creates bounding boxes for the foreground
objects in each 224x224 tile. 2) These boxes serve as pseudo-labels
for training of a pre-trained Faster R-CNN. 3) Inference on unseen
data is performed on 224x224 images. Predictions are reassembled
into the full image, and global boxes undergo post-processing to
produce the final bounding boxes of detected and localized hiero-
glyphs. 4) Optionally, these final boxes can be used as new pseudo-
labels for further refinement. Each step is detailed below.

3.1. Automatic pseudo-labeling

To create bounding boxes, we exploit two properties of hiero-
glyphs: they clearly stand out from the background, allowing sep-
aration into foreground (hieroglyphs) and background, and they do
not overlap, so touching objects usually belong to the same hiero-
glyph. However, factors like photography, decay, and vandalism in-
troduce noise. Connected Component Labeling (CCL) [RP66] is
well-suited for these properties. First, images are binarized using
Otsu’s method [O∗75], which automatically determines the thresh-
old. CCL then segments the image, and bounding boxes are ex-
tracted from the segmentation masks. However, lighting or other

Figure 1: Generation of pseudo-labels. From left to right: Input
image; Vertical lines removed; Edges enhanced; Otsu’s binariza-
tion; CCL applied; Blue boxes are kept as pseudo-labels, red ones
are removed.

factors may cause glyphs to be split into multiple boxes. To ad-
dress this, we enhance image details using the Canny edge detec-
tor [Can86] and combine the edges with the original image. Since
hieroglyphs are often close together, the separating vertical lines
can worsen the results. Therefore, we remove vertical lines using
the Hough transform before applying edge detection and binariza-
tion. Not all objects detected by CCL are accepted. We filter out
noise by setting thresholds for bounding box dimensions (width and
height between 5 and 175 pixels) and area (between 100 and 45,000
pixels). Figure 1 illustrates this pseudo-label generation process.

3.2. Glyph detection training

The bounding boxes from the 224x224 tiles in the previous step
serve as pseudo-labels to train a Faster R-CNN [RHGS15] model.
We used the implementation from Detectron2 [WKM∗19] with
ResNet50 as the backbone and DINO weights [CTM∗21] as pre-
trained weights. Training involved stochastic gradient descent with
a 0.02 learning rate, running for 20,000 iterations with a batch size
of 8. To enhance robustness, we applied data augmentation tech-
niques like gamma correction, contrast change, and sharpness/blur
adjustment during training.

3.3. Post-processing

For inference on large test images, the images are divided into over-
lapping 224x224 tiles with a 150-pixel step size. Detected bounding
boxes from the tiles are then combined to reconstruct the full image.
Post-processing involves three main steps: cleaning up predictions
by merging boxes that likely represent the same hieroglyph, isolat-
ing individual characters in boxes containing multiple hieroglyphs,
and identifying cartouches to recognize the hieroglyphs inside.

Removing redundant boxes. After merging the image tiles,
overlapping prediction boxes may detect the same object. To re-
duce redundancy, we use the Intersection over Union (IoU) mea-
sure. If two boxes have an IoU over 0.9, they are merged, with new
coordinates set by the smallest and largest x and y values. Addition-
ally, we merge boxes when one is entirely or mostly within another.
To handle cases where IoU alone isn’t sufficient, we calculate the
overlap ratio relative to the smaller box, removing the inner box if
the overlap exceeds 0.6. Hieroglyphs are assumed not to overlap,
except for cartouches, which are addressed separately in the third
post-processing step.

Separating multiple hieroglyphs. The second post-processing
step identifies bounding boxes containing multiple hieroglyphs and
separates them. Hieroglyphs are often close and may be recognized
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as a single object. To address this, boxes are processed iteratively.
In the first iteration, CCL is applied to detect single objects. Boxes
with only one object are stored as Group 1, while others go to
Group 2. Next, Group 2 boxes are compared to Group 1 using the
Structural Similarity Index (SSIM). If a match is found, the box
is added to Group 1. This process is repeated, reducing Group 2
items. Remaining Group 2 boxes likely contain multiple glyphs.
For these, CCL is applied after trinarization using k-means clus-
tering, which separates foreground, background, and unclear re-
gions. This preserves details missed by Otsu’s method to handle
cases where glyphs may be split due to damage.

The separated hieroglyphs are then processed with vertical ero-
sion and horizontal dilation. Erosion removes pixels lengthwise
based on vertical neighbors, while dilation fills gaps horizontally,
which helps merge connected parts of the same hieroglyph. These
processes are designed for vertically arranged hieroglyphs, mini-
mizing issues with side-by-side placements. Finally, CCL is ap-
plied to extract individual bounding boxes, which are added to
Group 1. All boxes are cleaned again using IoU and overlap thresh-
olding at 0.9 to merge highly overlapping boxes.

Recognition of cartouches. To identify cartouches, we consider
any box with an area at least 95% of the largest box as a car-
touche. We then use CCL to extract hieroglyphs within it. Since
hieroglyphs are close to the cartouche edges, edge detection and
k-means clustering are ineffective. Instead, we binarize the image
with Otsu’s method to remove cartouche edges.

After binarization, we create and smooth histograms of fore-
ground pixels by row and column. Cartouche images typically have
many foreground pixels at the edges, which we use to find the
boundaries between the cartouche and its hieroglyphs. We iden-
tify these boundaries by locating the second and penultimate low
points in the histograms, adjust for the cartouche’s bottom bar, and
convert the outer areas to background. The modified image is then
trinarized using k-means clustering, followed by erosion, dilation
and CCL. Only boxes with a height up to 70% of the cartouche
height are kept to avoid misidentifying borders as hieroglyphs.

3.4. Second iteration

The bounding boxes from post-processing can serve as new
pseudo-labels for an additional 10,000 training iterations from the
last checkpoint. In our experiments, this often improved precision
but sometimes reduced recall, as shown in Table 1. An example of
detection after second iteration is illustrated in Figure 3.

4. Experiments

Data. We used the Unas dataset [FvG13] with labeled bounding
boxes for performance evaluation. This dataset includes 10 images
from the Unas pyramid, each with dimensions varying between
1071x1544 and 1160x1683, featuring 4210 characters across 172
hieroglyphic classes. While small compared to the 763 total hiero-
glyphic classes, it is useful for evaluating our method.

Evaluation. To test our approach on each large image sepa-
rately, we used the remaining nine images as an unlabeled training
set and generated pseudo-labels as described in Section 3.1. We

compared our method with Elnabawy et al.’s approach [EES18]
on the same images. Table 1 presents the precision and recall re-
sults for each image. In addition to the quantitative evaluation on
the labeled dataset, we investigated whether our pseudo-supervised
model, trained on one background type, could detect hieroglyphs
on different backgrounds. Inference on images from Guidi et al.
[GPF∗23] showed that our method performs comparably, and even
better on damaged hieroglyphs, as seen in Figure 2. Figure 4 high-
lights detection on another unseen background.

Figure 2: Detection on a difficult image taken from [GPF∗23].
Left: Segmentation results from [GPF∗23]; Middle: Input; Right:
Our detection with the same model as in Figure 4. The model
of [GPF∗23] struggles to detect hieroglyphs and instead detects
some artifacts, whereas our approach detects almost everything
correctly.

Limitations. Our method, while label-free, depends on thresh-
olds that may need adjustment based on data. Misdetections can
occur, such as detecting closely spaced hieroglyphs as one or vice
versa, and similar issues affect cartouche processing.

5. Conclusions

We presented an unsupervised approach for detecting Egyptian hi-
eroglyphs by combining classical computer vision techniques with
a Faster R-CNN model and post-processing enhancements. Our
method achieves detection performance comparable to supervised
methods and shows robustness on unseen backgrounds, advanc-
ing automated hieroglyph recognition. This approach could signif-
icantly impact Egyptology and historical research. Our work fo-
cuses on hieroglyph detection and localization, with future research
planned for unsupervised classification and extension to other an-
cient scripts, like Mayan hieroglyphs.
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