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Highlights

What are the main findings?

* A Deep Learning pipeline using Sentinel-1 and COP-30 DEM data can map archaeologi-
cal mounds, i.e., tell sites, in Iraq;

¢ The pipeline demonstrates promising transferability to a new region in Iran via minimal
fine-tuning, while an explainability analysis provides archaeologists with insights into
the model’s decision logic.

What are the implications of the main findings?

* The pipeline offers a scalable approach for large-scale tell site mapping across Near and
Middle East landscapes;

e It highlights the potential of SAR products as a high-value data source for automated
archaeological prospection.

Abstract

Satellite Synthetic Aperture Radar (SAR) is an established technology for studying and
monitoring archaeological landscapes, providing insights into surface morphology and the
presence of near subsurface features. However, its application in large-scale archaeological
prospection is limited by the lack of robust, automated methods for SAR data analysis.
This study introduces a novel Deep Learning pipeline to automatically detect and segment
archaeological settlement mounds, known as tells, in central Iraq on satellite SAR data.
The pipeline leverages a state-of-the-art supervised method for instance segmentation,
YOLOV8-Seg, and medium-resolution satellite SAR products, specifically the Copernicus
Sentinel-1 Interferometric Wide Swath Mode Ground Range Detected and Copernicus
Global 30-m Digital Elevation Model products. The model identifies tell sites with an
Average Precision of 0.495 & 0.010 and a pixel-wise Intersection over Union of 0.361 =+ 0.048
over the test areas. Archaeological interpretation of the model’s inferences confirms its
reliability in locating and segmenting archaeological sites, leading also to the identification
of previously unmapped potential sites. After a main test in central Iraq, the proposed
workflow demonstrates promising transferability to a nearby test area in Iran, although
with a need for regional fine-tuning to account for inherent variations in feature morphology
and environmental context. This research establishes a baseline for future Deep Learning
applications in Synthetic Aperture Radar-based archaeological prospection.
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1. Introduction

This study presents a novel Deep Learning pipeline for the detection and segmentation
of archaeological settlement mounds (tells) in satellite Synthetic Aperture Radar products.
Satellite Synthetic Aperture Radar (SAR) imaging systems have long been used for studying
and monitoring archaeological landscapes and cultural heritage sites since the earliest
civilian space radar missions in the 1980s [1-17]. They operate through active microwave
remote sensing in a side-looking geometry and can provide high-resolution, day-and-
night, and almost weather-independent images of the Earth’s surface on a global scale,
complementing optical and LiDAR remote sensing data [18-23]. SAR transmits microwave
pulses and listens for echoes, called backscatters, providing information about the geometric
properties (shape, orientation, roughness) and the moisture content of the target. The chosen
radio band and polarisation further impact what is observed from the scene, enabling the
SAR signal to achieve a certain level of penetration through dry soil or vegetation cover
and the sensitivity to differentiated scattering mechanisms. Moreover, SAR can be used
for deriving the surface topography (InSAR Digital Elevation Model (DEM) products)
and measuring the Earth’s surface displacements with millimetric precision (DInSAR
products) through interferometric processing [18-21,24]. Among the various SAR products,
anomalies in backscatter amplitude and topographic information derived from InSAR
DEM data have been successfully used to identify archaeological features: these include
shallow subsurface archaeological structures (e.g., earthworks, buildings, ancient roads,
etc.), palaeochannels, archaeological micro-reliefs and archaeological mounds [1-13].

Although SAR data have long been recognised as a valuable source of information
for archaeological mapping, their use in automated analyses remains overlooked. Most
existing studies rely on manual visual interpretation or on pixel-based machine learning
approaches, in which SAR is often treated as an ancillary variable [25]. Specifically, pixel-
based approaches, which depend on the radiometric or elevation values of individual
pixels, tend to struggle with inherent signal noise and geometric distortions when applied
to amplitude images or INSAR DEMs, and overlook the spatial (textural and geometrical)
structure and contextual information of archaeological features [26,27]. Recent works in
Deep Learning for SAR have shown that automatic methods based on it outperform pixel-
based or feature-engineered approaches across several applications such as ship detection,
terrain surface classification, ice concentration estimation, and flood segmentation by
learning hierarchical representations and capturing object-level patterns directly from the
data [26-28]. Similar evidence has emerged in the LIDAR domain in archaeology, where
several studies demonstrated that Deep Learning substantially improves the detection and
segmentation of microtopographic structures [29-31]. These results indicate that Deep
Learning offers a viable pathway to use SAR data as a primary source for large-scale
archaeological detection. At the same time, the increasing number of missions and the
expanding volume of SAR acquisitions make manual inspection unfeasible, leaving much
of this information underused across extensive regions and longtime spans. By enabling
large-scale inference from massive satellite acquisition, Deep Learning can address the dual
challenge of SAR data complexity and volume.

This study presents a novel Deep Learning pipeline for the automatic detection and
segmentation of tell sites in satellite SAR data. The proposed method is developed and
tested in central Iraq, where thousands of tells have already been documented. In this
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region, tell sites have been identified through visual inspection of satellite SAR amplitude
imagery and interferometric DEMs, exploiting their characteristic soil appearance and
coverage, morphology, and topographic elevation [10,11]. These approaches have proven
particularly effective in remote and hazardous regions, where field surveys are impractical
due to political instability and ongoing conflicts, and where LiDAR data from airborne
or drone platforms are unavailable or restricted. However, manual interpretation proved
to be time-consuming when analysing large areas containing a large number of scattered
features throughout the landscape. At the same time, recent studies have demonstrated the
potential of Deep Learning techniques for tell site detection using high-resolution satellite
optical imagery [32-34]. However, the limited availability of free of charge archive images,
the high costs of extensive new acquisitions, and security-related restrictions on sensitive
areas are obstacles to their large-scale applicability.

In contrast, this study distinguishes itself by focusing exclusively on European Space
Agency Copernicus SAR products, which are openly available and acquired with near-
global coverage, enabling a reproducible and scalable framework for tell detection across
different geographic locations. Building on this approach, the specific objectives of this
work are (i) to provide a new Deep Learning tool for rapid and accurate large-scale tell site
mapping using global coverage, open-access, medium-resolution SAR data; (ii) to develop
a transferable workflow applicable to other study areas in the Near and Middle East with
similar archaeological landscapes; and (iii) to establish a baseline for future Deep Learning
research utilising SAR data in archaeological contexts. Finally, this work also marks one of
the first applications of Explainable Al to archaeological remote sensing, addressing the
“black box” nature of Deep Learning and its implications for the field.

2. Materials and Methods
2.1. Study Area

Tells are artificial hills peculiar to Near and Middle Eastern landscapes, formed from
the accumulated and stratified remains of ancient settlements from the Neolithic (6th mil-
lennium BCE) through the Iron Age (10th to 6th century BCE in Iraq), with some sites
showing later reuse [35-37]. Their systematic mapping can provide information about the
emergence, development, and organisation of early complex human societies. Moreover,
accurately identifying their locations and making this information available to relevant
authorities represents a fundamental step toward their preservation, helping to protect
them from looting and from large-scale landscape transformation driven by destructive
anthropogenic activities, such as agriculture, industrial development, and transportation
infrastructure [11,37-39].

Tells can be identified in SAR data by their elliptical shapes and distinct land-use, which
create backscatter amplitude patterns that stand out against the agricultural background.
In addition, their topographic prominence above the mean plain level creates signatures
that can be detected in INSAR DEMs [10,11,17].

Building on these detectable morphological and geophysical characteristics, the anal-
ysis was conducted over a study area covering approximately 57,700 km? within the
southern Mesopotamian floodplain, in Iraq, where the archaeological evidence is marked
by the presence of thousands of tell sites, documented in extensive archaeological surveys
conducted since the 1950s [37]. Here, Holocene deposits preserve an intricate network of
fluvial ridges and relict distributary channels, indicating repeated episodes of avulsion
and progradation [40]. Human occupation and irrigation practices since the mid-Holocene
have reshaped channel courses and supported long-term settlement on elevated alluvial
grounds [41]. Today, the region is characterised by a hot arid climate, with a mean annual
precipitation ranging from 100 to 180 mm, occurring primarily during the humid season

https://doi.org/10.3390/rs18132255


https://doi.org/10.3390/rs18132255

Remote Sens. 2026, 18, 2255

4 0f 28

between November and April [42]. The key landscape descriptors, including the median
slope and the land cover, are presented in Table 1a and were derived from remote sensing
products detailed in Section 2.2.

Table 1. Landscape (a) and tell sites (b) descriptors for the training, validation, and test areas.
For specific descriptors, values in parentheses represent the median and interquartile range (IQR) to
illustrate data distribution.

(a)

Iraq Iran
Landscape Descriptor Training Validation Test Test
Extension (km?) 37,009 15,850 4846 1470
Elev. Range (m AMSL) * —14,+4-342 —7,+54 —2,+26 +32,+197
Slope (degrees) *, median 0.41 0.34 0.36 0.52
IQR (0.26-0.75) (0.22-0.56) (0.25-0.52) (0.30-1.09)
Land Cover **
Bare/Sparse Vegetation 35.55% 43.73% 32.11% 5.76%
Cropland 45.38% 30.58% 59.78% 70.94%
Shrubland and Grassland 7.91% 4.48% 5.08% 9.61%
Tree cover 5.70% 3.19% 0.63% 8.44%
Built-up 3.78% 2.82% 0.65% 3.96%

(b)

Iraq Iran
Tell Site Descriptor Training Validation Test Test
Number of Sites 2634 825 290 110
Size (ha), median 2.00 2.68 2.93 1.12
IQR (1.01-4.34) (1.35-5.52) (1.81-5.60) (0.59-2.10)
Length (m), median 198 221 248 140
IQR (134-301) (157-341) (178-366) (104-211)
Elevation (m) t, median 217 2.00 2.80 427
IQR (1.36-3.34) (1.35-3.22) (1.99-3.97) (2.50-7.44)

* Derived from the COP-30 DEM. Elevations are expressed in meters above mean sea level (AMSL). ** Derived
from the ESA WorldCover 2021 dataset [43]; most representative classes. * Relative elevation calculated as max
elevation within the site minus 150 m buffer average.

As part of the study, a geographically distinct test area was also included in Southwest-
ern Iran, within Khuzestan Province. The region consists mostly of extensive alluvial plains
that underwent phases of aggradation, presumably between the ninth and second millennia
BCE, followed by a shift in the fluvial regime leading to the incision of meandering river
valleys [44,45]. The present-day landscape is characterised by small agricultural plots
occupying vast, slightly elevated surfaces, which possibly represent remnants of former
terraces, standing approximately 20 m above the incised valley floors. Numerous archaeo-
logical surveys and excavations in the Khuzestan province have documented mounded
settlements with occupation sequences spanning from the Neolithic to the Bronze Age,
with the earliest phases dated to the late eighth millennium BCE [44]. The selection of a
geographically distinct case study serves to validate the generalisation performance of
the Deep Learning pipeline, specifically testing for robustness to domain-shift and the
transferability of the results to a new prospection context.
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2.2. Remote Sensing Data

The Deep Learning model presented here was trained using data from the Copernicus
Global 30-m DEM and Sentinel-1 SAR imagery.

The Copernicus Global 30-m DEM (COP-30 DEM) [46] is derived from the interfero-
metric TanDEM-X mission between 2011 and 2015. It provides a 30-m spatial resolution and
an absolute vertical accuracy of approximately 2 m within the study area, outperforming
previous global DEMs [47]. As an X-band radar-derived digital surface model, it includes
both natural terrain and anthropogenic features such as buildings, infrastructure, and vege-
tation canopy, thereby providing essential topographic information for identifying tell sites
based on their relative elevation.

Sentinel-1 (S-1), operational since 2014 with the S-1A and S-1C satellites (following the
earlier 5-1B mission), delivers systematic C-band SAR data with near-global coverage. This
study uses dual-polarisation (VV + VH) Interferometric Wide (IW) Swath Mode Ground
Range Detected (GRD) products, which consist of geocoded backscatter amplitude images
with 10-m pixel spacing. These data are particularly sensitive to the surface roughness
and moisture conditions, making them well-suited for detecting backscatter anomalies
associated with tell sites. The C-band wavelength interacts with the landscape in a manner
comparable to the X-band, with slightly deeper penetration in dry soils and sparse vegeta-
tion. The use of dual-polarisation further enhances interpretability by capturing different
scattering mechanisms: Vertical-Vertical (VV) polarisation is primarily sensitive to surface
and double-bounce scattering (e.g., bare soils or urban structures) while Vertical-Horizontal
(VH) polarisation is more responsive to volume scattering (e.g., vegetation). This distinction
is particularly useful for differentiating archaeological mounds from visually similar fea-
tures such as modern urban clusters or densely vegetated areas. Moreover, the side-looking
geometry of SAR acquisition can accentuate subtle topographic variations through effects
such as shadowing and dihedral scattering (see Supplementary Materials Section S1).

In addition to SAR and DEM data, high-resolution optical imagery from Esri World
Imagery was used for visual verification of annotations, while medium-resolution optical
imagery from Sentinel-2 (S-2) supported control experiments. Finally, the ESA WorldCover
2021 dataset [43] was employed to provide environmental context for the archaeological
sites (see Table 1).

2.3. Dataset Labels

Tell sites were manually delineated as polygons within a GIS environment. The an-
notation process was carried out using a composite of the S-1 and the COP-30 DEM data,
supplemented by high-resolution optical RGB imagery from ArcGIS Pro (version 3.0.3) [48].
The annotations were validated using two established archaeological reference datasets
covering the study area: the Ancient Near East (ANE) dataset [49,50], containing more
than 3000 placemarks of potential archaeological sites, which was imported directly into
the GIS environment; and the FloodPlains WebGlIS [51], a public archaeological platform
encompassing sites across the Mesopotamian alluvial plain. This latter dataset comprises
almost 8000 entries, “about 4900 of which are archaeological sites documented by different
survey projects, while the other 2900 are potential archaeological sites identified through
remote sensing”. The FloodPlains WebGIS was consulted externally through its online
platform to support cross-validation of the annotated dataset.

Each annotated polygon was enriched with specific attributes, including visibility on
SAR data and optical RGB imagery, site statistics (e.g., size and elevation), visibility of
archaeological traces (e.g., structures, evidence of looting), and the data validation origin.
To ensure consistency and completeness, the labelling process involved cross-checking
and revision by more than one operator. Potential tell sites identified during the process

https://doi.org/10.3390/rs18132255


https://doi.org/10.3390/rs18132255

Remote Sens. 2026, 18, 2255

6 of 28

but not present in the reference datasets were integrated into the dataset based on expert
consensus, considering morphology, size, and landscape context. This reflects a necessary
compromise when working at regional scales, where exhaustive ground truthing is not
feasible or possible. The resulting preliminary dataset was then filtered for Deep Learning
application, yielding a final, refined dataset of 3866 annotated features across the study
area (see Section 2.4.3).

2.4. Description of the Deep Learning Pipeline
2.4.1. General Overview of the Pipeline

The proposed Deep Learning pipeline (Figure 1) performs instance segmentation of
archaeological tell sites using false-colour RGB composites generated from S-1 and the
COP-30 DEM. For this purpose, a state-of-the-art supervised instance segmentation model,
YOLOVS-Seg [52], was employed. This model is designed to predict bounding boxes,
segmentation masks, and class probabilities for objects within an image. In its original
implementation, YOLOVS8-Seg operates on RGB images and follows a modular architecture
composed of a backbone, a neck, and three decoupled multi-scale heads. The backbone
is responsible for extracting hierarchical features from the input data, while the neck
aggregates and refines these features across multiple spatial scales. The network then
branches into the prediction heads, which, at each scale, separate the instance segmentation
process into three parallel tasks: localisation, classification, and mask generation (the latter
inspired by the YOLACT approach [53]).

Dataset Predictions Assessment
/ IMAGES \
@ ,/, Metrics \‘I
}y AP, F1-score |
4 / (Object-level) !
@ 2 loU-score :
4 (Pixel-level)
4
<) LABELS X Saliency Map
J/\ﬁ h S B"'*-
Tell Site . Q Q YOLOv8-Seg
@
(@) NG J

[l RouND TRUTH
W PrepicTIONS

[ overiar

GIS Import & Analysis

AR

@ CHANNEL 3 (COP-30 DEM)
Topographic Position Index

@ CHANNEL 2 (S-1)
Mean ASC VH

@ CHANNEL 1 (S-1)
Mean ASC VV

(b) (c)

1280 m

Figure 1. The proposed pipeline for the automatic detection and segmentation of tell sites in Cen-
tral Iraq. (a) During the training phase, the YOLOv8-Seg model is trained using archaeological
ground-truth labels to predict bounding boxes, segmentation masks, and class probabilities within
false-color RGB images. (b) Each input image has a size of 128 x 128 pixels (corresponding to
1280 x 1280 m on the ground) and is generated by combining Sentinel-1 (S-1) backscatter amplitude
data (VV and VH bands) and COP-30 DEM topographic data. (c) Model performance is evaluated
quantitatively using object- and pixel-level metrics, and qualitatively through GIS-based spatial
analysis and saliency map interpretation. Saliency maps provide visual explanations of the model’s
predictions by highlighting specific pixels or regions in the input image that contribute most signifi-
cantly to the identification of tell sites.

The model performance was assessed using standard Deep Learning evaluation
metrics that capture both detection and segmentation capabilities. Average Precision (AP)
was computed for bounding box detections at an Intersection over Union threshold of 0.5,
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providing an overall measure of the model’s ability to detect and localise tell sites across a
range of confidence thresholds, independent of any single operating point.

To evaluate performance under optimal conditions, the F1-score was calculated for
bounding boxes at the confidence threshold that maximises the balance between precision
and recall on the validation dataset. This metric reflects the model’s effectiveness in tell
detection and localisation at its best-performing configuration.

Segmentation performance was quantified using the pixel-wise IoU-score for the “Tell
Site” class, computed over the entire dataset at the same optimal confidence threshold.
This measure captures the accuracy of the predicted masks, indicating how well the model
delineates the spatial extent of the fell site.

The model outputs, including segmentation masks and the associated YOLO confi-
dence reflecting the reliability of each bounding box detection, were subsequently converted
into polygon features and imported into the GIS environment for subsequent archaeological
interpretation and analysis.

2.4.2. Preprocessing of Remote Sensing Data

The preprocessing pipeline utilised the Google Earth Engine (GEE) data catalogue [54]
to access the S-1 IW GRD and the COP-30 DEM image collections. These collections were
processed using the GEE Python API (version 1.0.0) within a Python environment and then
downloaded locally.

Specifically, a multitemporal series of dual-polarised S-1 IW GRD images, spanning
the period from January 2021 to December 2023, was processed. The data were organised
by orbit (ascending/descending) and polarisation (VV/VH). To mitigate speckle noise and
enhance the signal from persistent features such as tells, the average amplitude image of
each collection was computed, resulting in a 4-band S-1 data cube. This approach relies
on the assumption that the tell sites remained relatively undisturbed within this temporal
window. A Topographic Position Index (TPI) raster was generated from the COP-30 DEM
using a neighbourhood radius of 8 pixels, corresponding to 240 m at the DEM’s 30 m
resolution. This radius was empirically chosen based on the average dimensions of the
archaeological features in the dataset, as shown in Table 1. The resulting TPI raster was
then downscaled to the S-1 resolution (10 m) using bilinear resampling.

Finally, a false-colour RGB composite was created for model input by combining the
processed TPI raster and the mean ascending orbit VV (ASC VV) and VH (ASC VH) bands.
To ensure compatibility with the model, the TPI band, fitted to values [—6, 6], and the ASC
VV and ASC VH bands, fitted to values [—30, 5] dB, were each normalised to the [0, 1] range
and converted to an unsigned 8-bit format, with null values set to 0. The ASC VV and ASC
VH bands were then assigned to the red and green channels, respectively, while the TPI
band was assigned to the blue channel of the RGB composite. This specific combination
was chosen to highlight both the backscatter characteristics and the topographic signature
of the tell sites. A comparative analysis of this composite with two other SAR-based false
RGB combinations, as well as an S-2 true-colour composite, is provided in Section 3. Details
on their creation can be found in the Supplementary Materials Section S1.

2.4.3. Preprocessing of Archaeological Labels

The archaeological label dataset underwent extensive preprocessing to ensure its
suitability for training a Deep Learning model on SAR data. Data filtering involved the
removal of sites lacking clear visibility in both optical and SAR products (see Figure 2),
as well as sites that were too small or too large for effective model training. Sites smaller than
0.3 hectares—approximately 30 pixels in the 10 m resolution false-colour composite—were
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excluded. A summary of the median size and elevation of the remaining 3866 archaeological
instances is provided in Table 1b.

Further filtering was applied during the creation of image tiles. Archaeological in-
stances exceeding a predefined threshold of 80% of the tile area were excluded. This
threshold was chosen a priori to ensure sufficient surrounding context for the model. More-
over, to mitigate border effects, instances truncated at tile borders were filtered out if the
remnant polygon was smaller than 0.2 hectares. Finally, the labels were then converted
into YOLO annotation format for network ingestion, and binary masks were generated for
calculating pixel-wise IoU-scores during model evaluation.

'
¢
¥
(3
A
¢
=
o 20 500m
A U
Sentinel-1 Composite
Archaeological Label Dataset Topographic Position Index Average [dB] i
ESRI Satellite (r=8p9 I Band 1: ASC WV
D ?6 [ Band 2: ASC VH

Il Band 3: DESC W

Figure 2. Identification of tell sites across different EO data products. From left to right: Esri high-
resolution optical imagery, with ground truth polygons outlined in yellow; Topographic Position
Index derived from the COP-30 Digital Elevation Model (30 m resolution); and a false-color Sentinel-1
composite (10 m resolution). Blue and yellow arrows highlight the physical boundaries of tell sites
across the Copernicus dataset. Sources: Esri World Imagery; Copernicus WorldDEM-30; Copernicus
Sentinel-1 data.

2.4.4. Deep Learning Experimental Setting

The experimental design utilised geographically distinct areas for training, validation,
and testing, as shown in Figure 3. The training and validation areas covered approximately
53,000 km?. The validation area was selected to be representative of the training area,
matching both the tell site features and land cover characteristics. The model’s generalisa-
tion was assessed on three distinct test areas in Iraq, each spanning approximately 1600 km?.
To evaluate transferability, an additional test area in Iran, in the Khuzestan province, span-
ning approximately 1400 km? and with different landscape and site characteristics, was
considered. Detailed descriptors for all areas are shown in Table 1.

The YOLOv8-Seg model series comprises five architectures, which vary in size
and number of parameters. Given the limited number of annotations on the train-
ing area (N = 2634), the small model, “yolov8s-seg”, was selected as an optimal bal-
ance between model size and performance. The model was trained on the IIT High-
Performing Computing Cluster “Franklin” using NVIDIA Tesla V100 GPUs. Training was
initialised using weights pretrained on the COCO dataset [55] to leverage existing feature
recognition capabilities.

The primary experimental challenges were the severe class imbalance and the presence
of label noise in the archaeological ground-truth across the vast study area, largely due
to spatial sampling bias. While ground-truth annotations are typically more curated in
regions with a high density of pre-existing ground-truth data, regions far from these areas
may exhibit a higher proportion of missing (unlabelled) sites, resulting in a spatially non-
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uniform annotation quality. To mitigate both challenges, we oversampled the target class
by modifying the proportion of empty tiles (i.e., tiles without any archaeological instances)
in the training and validation dataset. Specifically, we tested three percentages of empty
tiles, which were randomly selected from the total pool: 20%, 10%, and 1%. This process
artificially increased the overall representation of the “Tell Site” class and created a cleaner,
higher-confidence training domain by reducing the influence of potentially mislabelled
background areas.

The model’s performance on the validation dataset was used for the optimisation of
training hyperparameters, including image size (512, 256, 128), batch size (128, 64, 32, 16),
and the percentage of empty tiles (20%, 10%, 1%). The validation dataset was also used for
tuning the best confidence threshold for the final configuration. The optimisation details,
along with a comparison with a model trained from scratch and a “yolov11s-seg” model,
are detailed in the Supplementary Materials Section S2. The final hyperparameters and
data augmentation settings are summarised in Tables 2 and 3, respectively. The model was
trained using non-overlapping tiles.

A summary of the training, validation, and test datasets’ characteristics in their op-
timally configured state is shown in Table 4: training and validation datasets represent a
highly unbalanced segmentation task, with less than 4% of all labelled pixels belonging to
the “Tell Site” class. Unlike the training and validation datasets, the test datasets maintained
the real-world tile distribution, resulting in a lower proportion of “Tell Site” pixels (0.47%
and 0.35%). This domain shift may negatively impact Fl-score and IoU-score metrics
compared to validation results, potentially leading to a model that prioritises recall over
precision. However, we intentionally maintained this workflow mirroring an operational
scenario where the objective is to generate the most comprehensive list of potential sites for
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Figure 3. Spatial distribution of the study area in the Southern Mesopotamian floodplain. Training
(blue), validation (white), and test areas (orange) are delineated across the landscape. Black triangles
represent georeferenced archaeological annotations (tell sites) within the UTM 38N projection.
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Table 2. Best model’s hyperparameters.

Hyperparameter Value

Image Size 128 x 128
Percentage of Empty Tiles 10%

Batch Size 32
Optimizer AdamW (auto)
Learning rate (Ir0) 7.14 x 10™* (auto)
Momentum 0.9 (auto)
Pretrained True, COCO dataset

Table 3. Data augmentation settings.

Setting Value
Saturation Adjustment (hsv_s) 0.1

Brightness Adjustment (hsv_v) 0.1

Hue Adjustment (hsv_h) 0.015 (default)
Mosaic (mosaic) 0

Scale (scale) 0.1
Translation (translate) 0.1 (default)
Flip Left-Right (fliplr) 0.5 (default)

Blur (blur)
Median Blur (MedianBlur)
Grayscale (ToGray)

CLAHE (CLAHE)

p = 0.01, blur_limit = (3, 7) (default)
p = 0.01, blur_limit = (3, 7) (default)
p = 0.01, num_output_channels = 3,
method = "weighted_average’ (default)

p = 0.01, clip_limit = (1.0, 4.0),
tile_grid_size = (8, 8) (default)

Table 4. Training, validation, and test datasets characteristics.

Iraq Iran
Characteristic Training Validation Test Test
Total Number of Tiles 2610 854 3150 930
Number of Filled Tiles 2349 769 313 97
Number of Archaeological Instances 3389 1114 429 125
Mean Instances per Filled Tiles 1.44 1.45 1.37 1.30
Percentage of Class “Tell Site” Pixels 3.46% 3.78% 0.47% 0.35%

2.4.5. Post-Processing of Model’s Inferences

The post-processing module prepares the output for a direct archaeological assessment

in a GIS environment. Instance segmentation masks, generated by the best model over

the area of interest, were converted into georeferenced polygons and saved along with the

model’s confidence scores.

This step enables archaeologists to visually inspect predictions within their spatial

context, comparing them against remote sensing and ground-truth data, to correct and

refine the polygonal shapes, and to facilitate interpretation and analysis, thereby aiding in

model debugging and the creation of final, validated site inventories. While the model was

trained using non-overlapping tiles, the tiling strategy for prediction is adjusted depending

on the desired output. Two outputs are generated:

¢  Filtered Inferences (Non-Overlapping Tiles): A collection of all instance inferences
generated from non-overlapping tiles and converted into polygons, where the model’s
confidence score is greater than a 5% threshold. This output is primarily useful
during the model’s debugging and refinement phase, as it includes low-confidence

predictions for further scrutiny of potential false positives or missed sites.
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*  Merged Inventory (Overlapping Tiles): A definitive collection of site inferences,
derived from processing overlapping tiles (specifically, 50% overlap). This overlap-
and-merge strategy ensures archaeological features appear near the centre of at least
one tile, where the model can benefit from a richer local context. Only polygons
with confidence scores greater than the optimal validation threshold are retained and
then unified using spatial union (OR logic). The maximum confidence score among
the overlapping polygons is assigned to the final, unified polygon. This procedure
reduces the visual artifacts in predictions (e.g., seams) and fragmentation that result
from predicting on non-overlapping tiles, thereby easing the visual archaeological
interpretation and mitigating the adverse effects of tile borders on the performance
metrics by correcting for potential sites that fall on the tile boundaries and could be
missed by the model.

An example of the interpretation of these outputs is reported in Section 3.3. Addition-
ally, two application-driven performance metrics, namely F1-score”' and IoU-score", were
computed over the test areas in Iraq using the merged inventory and will be discussed
in the same section. These metrics provide a more realistic and comprehensive measure
of model performance, as they evaluate the alignment between the final, merged site
inferences and the ground-truth tell sites reported in Table 1b.

2.4.6. Explainability with Eigen-CAM

To align with current research directions on Explainability and Interpretability in
Remote Sensing for Earth Observation [56-58], an explainability module was added to the
pipeline. Deep Neural Networks are often referred to as “black boxes” because input data
undergoes numerous layers of weighted multiplications and non-linear transformations,
hindering the internal logic behind a specific output [59,60]. Saliency maps are the most
common and intuitive method for explaining Convolutional Neural Networks. They
provide visual explanations by highlighting specific pixels or regions in the input image
that contribute most significantly to the model’s final decision.

For our pipeline, we adopted the Eigen-CAM method [61] as provided in the imple-
mentation by [62] due to its compatibility with the YOLO Ultralytics library. Eigen-CAM
operates directly on the feature maps of a specific Convolutional Neural Network layer,
typically the final layer, which contains the highest-level semantic representations of the
image. The method applies Principal Component Analysis on the feature maps of the
selected layer to identify the first principal component, i.e., the direction of maximum
variance, which captures the most dominant patterns learnt by the model. These patterns
are then projected back onto the input image as a saliency map.

In this study, explainability served to assist in model debugging, enhance the trustwor-
thiness of model’s inferences and investigate human-Al alignment. It addressed questions
such as which spatial regions the model prioritised during the detection and segmenta-
tion of the tell site and why a detection failed—specifically, whether the model focused
on incorrect features, or its confidence in the prediction fell below the defined threshold.
Furthermore, it investigated whether the model identified the same morphological char-
acteristics that an archaeologist would use to identify a tell site. A qualitative analysis of
these explanations is provided in Section 3.4.

3. Results
3.1. Inferences over the Iraqi Test Areas

Table 5 presents the model’s performance metrics over the validation area and three
independent test areas in Iraq. It also includes the results of control experiments designed
to evaluate the impact of different input bands and modalities, specifically COP-30 DEM,
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S-1 SAR, and S-2 RGB data. These experiments were conducted by training, validating,
and testing separate models using the fixed set of hyperparameters shown in Table 2 on
different band composites. Metrics are presented together with 95% confidence intervals,
calculated from 10 independent model runs with different random seeds.

The model trained with the proposed false-colour composite—the first configura-
tion—achieved the highest performance over the test areas with an Average Precision of
0.495 + 0.010, an F1-score of 0.490 & 0.021, and a pixel-wise IoU-score of 0.361 £ 0.048.
The second configuration, based solely on COP-30 DEM data, followed with a decrease
of up to 5 percentage points (0.442 £ 0.013 Average Precision, 0.468 £ 0.017 Fl-score,
and 0.313 £ 0.024 IoU-score). The third configuration, which includes only the S-1 backscat-
ter information, performed worse with an Average Precision of 0.116 & 0.013 and an
IoU-score of 0.091 + 0.010. The fourth configuration, consisting of S-2 RGB data, performed
similarly to the third configuration. The results suggest that the topographic information
contained in the COP-30 DEM and its derivatives is the primary factor driving the model’s
performance. The S-1 SAR bands (VV, VH) offer valuable complementary information,
although they are not sufficient alone for robust detection, like the S-2 RGB data. Notably,
both Composites 1 and 2 overcome the S-2 RGB baseline.

Table 5. Model'’s performance over the validation and test area in Iraq. Best model in bold and the sec-
ond best is underlined. 95% confidence intervals are shown and are calculated from 10 independent
model runs with different random seeds.

(a) Validation Area
) Object-Level Metric Pixel-Level Metric
3-Channel Composite Average Precision F1-Score IoU-Score
Our Composite (S5-1 + COP-30) 0.474 + 0.004 0.513 + 0.004 0.389 +0.014
COP-30 DEM 0.388 £ 0.009 0.447 + 0.009 0.360 £ 0.017
5-1 (VV-VH-VV) 0.231 +0.006 0.322 £+ 0.005 0.207 £ 0.011
S-2 (R-G-B) 0.268 + 0.005 0.345 £ 0.005 0.086 +0.012
(b) Test Area
Object-Level Metric Pixel-Level Metric
3-Channel Composite Average Precision F1-Score IoU-Score
Our Composite (S-1 + COP-30) 0.495 +0.010 0.490 + 0.021 0.361 + 0.048
COP-30 DEM 0.442 £0.013 0.468 + 0.017 0.313 £0.024
5-1 (VV-VH-VV) 0.116 £0.013 0.149 £0.011 0.091 £ 0.010
S-2 (R-G-B) 0.120 £ 0.012 0.154 +0.014 0.086 + 0.012

A visual evaluation of the predicted masks on the Iraq test dataset helps interpret these
quantitative results. Figures 4 and 5 show examples of the model’s segmentation inferences
overlaid on the S-1 + COP-30 DEM false-colour composites. In the best-performing tiles
(Figure 4a—d,h), the predicted masks closely follow the geometry of the ground-truth
labels, proving high spatial reliability of the detections. This property is particularly
relevant for any subsequent analyses requiring the precise delineation of site boundaries,
such as morphometric measurements or spatial statistics on archaeological fells. In some
instances, however, the visual inspection highlights inconsistencies with the ground-truth
annotations. In Figure 4e, for example, the predicted masks encompass a large area outside
the archaeological tell, overpredicting to nearby areas. In some examples, labels appear
slightly over- or undersized (Figure 4f,g) or are potentially missing (Figure 5a,b). Such
discrepancies represent inherent uncertainties in this type of modelling, which arise from
the model’s inaccuracy and also from the uncertainty typical of archaeological datasets,
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particularly when ground truth information is derived from the manual interpretation of
remote sensing data. In addition, the model seems to be prone to producing inaccurate
predictions at the edges of image tiles, where the lack of contextual information prevents
the model from accurately recognising features (Figures 4e and 5b—d). This behaviour was
further investigated in Supplementary Materials Section S4.

Other examples of misclassification are presented in Figure 5f-h as, for example,
challenges in correctly predicting large tells which heavily affect pixel-based performance
metrics. Extremely large tells, in fact, occupy a high number of pixels, spanning multiple
tiles. In addition, they are often composed of aggregated or combined mounds, which
may not have been internally discerned in the ground truth (Figure 5e). These complex
formations combine multiple archaeological and geomorphological features, producing
heterogeneous topographic signatures that make it difficult to delineate which parts corre-
spond to actual human occupation and which derive solely from fluvial or sedimentary
processes. Such ambiguous cases should therefore not necessarily be seen as model errors
but rather reflect the complex nature of the archaeological landscape and segmentation
tasks under such ambiguous conditions, which is rich in potential candidates that show the
same features of archaeological abandoned settlements.

Overall, the results show that the performance on the separate test dataset remains
consistent with that obtained on the validation dataset. While a drop in performance is
observed for Composites 3 and 4, Composites 1 and 2 show solid generalisation ability, con-
firming the model’s capacity to perform robustly on spatially distinct but morphologically
similar areas. The evaluation of the trained YOLOvVS8-Seg model on the three independent
test areas demonstrated its ability to automatically detect and segment fell sites in the
satellite SAR products. The observed performance metrics, Average Precision and F1-score,
suggest a promising level of automation for large-scale prospection, significantly reducing
the time and effort required for visual inspection. A comparison with a pixel-based Random
Forest classification baseline and an evaluation of the pipeline’s robustness against seasonal
effects are provided in Supplementary Materials Sections S5 and S6, respectively. Moreover,
a discussion of how this pipeline can reduce the visual inspection effort by operating as a
pre-screening tool is reported in Supplementary Materials Section S7. Finally, Table 6 shows
the performance metrics for the final merged inventory, following the post-processing steps
described in Section 2.4.5.

3.2. Transferability and Regional Fine-Tuning to Iran

To evaluate the broader applicability of the proposed workflow, we conducted a
transferability test on an independent archaeological landscape in Iran, in the Khuzes-
tan province.

The results of this direct model transfer to the Iranian test area are reported in Table 7.
Applying the model trained on the Iraqi dataset directly to this new domain yielded a
significant performance degradation in configurations that include DEM-derived informa-
tion. Specifically, the DEM-based model (Configuration 2) experienced the most severe
performance drop, with its Average Precision falling to 0.136 4= 0.021 (versus 0.442 & 0.013
in the Iraqi test area). Similarly, the multimodal composite (Configuration 1) achieved
an Average Precision of 0.214 £ 0.021, an F1-score of 0.234 & 0.018, and a pixel-wise IoU-
score of 0.069 £ 0.011, to be compared to 0.495 £ 0.010, 0.490 £ 0.021, and 0.361 + 0.048,
respectively, on the Iraqi test area.
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Figure 4. Examples (a—h) of YOLO inferences on the Iraqi test dataset for the best-performing seed.
YOLO returns both object detection boxes with a confidence level indicating the model’s prediction
and segmentation masks. The quality of the segmentation masks is also assessed through the per-tile
pixel-wise IoU-score between the ground truth binary masks and the binarized YOLO predictions.
In the visualization, purple regions indicate the intersection (overlap) between ground truth (blue)

and predicted masks (red).
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Figure 5. Examples (a—h) of incorrect YOLO inferences on the Iraqi test dataset. The quality of the
segmentation masks is also assessed through the per-tile pixel-wise IoU-score between the ground
truth binary masks and the binarized YOLO predictions. In the visualization, purple regions indicate
the intersection (overlap) between ground truth (blue) and predicted masks (red).

ell Site 0.57
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Table 6. Fl-score’’ and IoU-score”’ metrics for the best performing model over the Iraqi test area.
These metrics were computed using the merged inventory of site inferences, generated by unifying
predictions over the test area from tiles with 50% overlap. The Recall value (in parentheses) indicates
the proportion of successfully detected sites over the actual ground truth (290 sites, see Table 1b).

Object-Level Metric Pixel-Level Metric
F1-Score” (Recall) IoU-Score"
Test Area Iraq 0.52 (0.66) 0.39

Table 7. Transferability test over Iran. Best model in bold and the second best is underlined.
95% confidence intervals are shown and are calculated from 10 independent model runs with
different random seeds.

Object-Level Metric Pixel-Level Metric

3-Channel Composite

Average Precision F1-Score IoU-Score
Our Composite (S-1 + COP-30) 0.214 4+ 0.021 0.234 £ 0.018 0.069 £ 0.011
COP-30 DEM 0.136 4 0.021 0.193 £ 0.021 0.043 £0.012
S-1(VV-VH-VV) 0.220 £ 0.018 0.198 £ 0.020 0.070 £ 0.010
S-2 (R-G-B) 0.185 £ 0.026 0.206 + 0.021 0.070 £ 0.014

Notably, the S-1-based configuration (Configuration 3) demonstrated the highest
stability in zero-shot transfer, with an Average Precision of 0.220 4= 0.018. This performance
pattern suggests a topographic domain shift between the two landscapes. While the
proposed multimodal configuration appears less context-dependent than the DEM-only
mode, likely because the consistency of the S-1 features counterbalances the topographic
shift, confirming that complementary SAR and elevation datasets improve geographic
transferability, a noticeable performance gap remains compared to the Iraqi test area. This
suggests that data multimodality alone cannot fully bypass regional geomorphological
shift, indicating the necessity of weight adaptation through regional fine-tuning.

Visual inspection of the model’s inferences in the Iranian context (Figure 6) revealed
a higher number of false positives and false negatives (Figure 6e,f). Label-related issues
similar to those observed in the Iraqi test data also occur in the Iran dataset, where large false
positives or false negatives are typically associated with extensive mounds (Figure 6g,h).
The lower performance observed in the Iranian test area can likely be attributed to distinct
geomorphological and land use conditions compared to the Iraqi landscape (see Section 2.1
for an overview of the contexts).

Whereas the Iraqi plains are predominantly flat and characterised by extensive fluvial
ridges, the Iranian terrain is more irregular, with incised valleys, localised aggradation,
and slope terracing. Land-use patterns are also different, with Iraq characterised by large,
continuous agricultural fields, while Iran has smaller, fragmented plots with denser and
higher vegetation that further modifies the surface topography. Differences are also evident
in tell morphology, with Iranian tells exhibiting a more pronounced relative elevation to the
mean plain level over smaller areas than those in Iraq (on average twice as high for half the
areal extent, see Table 1).

The initial transferability analysis suggested that regional fine-tuning would be necessary
to achieve comparable performance to that observed in Iraq. To test this, we evaluated
several fine-tuning strategies over a subset of the Iranian test area, detailed in Supplementary
Materials Section S3. The results, presented in Table 8, confirm the effectiveness of this
approach. The fine-tuning strategies resulted in a substantial increase in performance across
all metrics. Specifically, the best fine-tuned model (Fine-tuning 200 tiles, with 20 new sites, frozen
backbone) achieved an Average Precision of 0.497 £ 0.044, restoring it to levels comparable to
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those achieved in the Iraqi test area. Compared to the initial No Fine-tuning baseline (Average
Precision: 0.230 £ 0.026), fine-tuning led to an approximate doubling of the Average Precision.
Even compared to the Histogram Matching baseline (Average Precision: 0.269 £ 0.027), the fine-
tuned model showed a substantial improvement, confirming that simply mitigating the TPI
distribution shift via histogram matching is insufficient compared to adapting the model
weights to the new target distribution, highlighting the need to learn complex, region-specific
morphological patterns. Notably, the IoU-score did not improve in line with the Average
Precision and F1-score, exhibiting a saturation-like behaviour. We attribute this to the presence
of a very large tell site (an annotation outlier) that comprises almost half of the total “Tell
Site” pixels in the subset test area. This specific site was not detected, which tends to distort
pixel-based metrics such as IoU score. In such cases, object-based metrics become a more
reliable indicator of overall model performance. The effectiveness of the small dataset size
(200 tiles, with only 10% containing at least one archaeological instance) suggests that the
learned weights are highly transferable and only require minor local adaptation.

From a machine learning perspective, the success of the frozen backbone strategy
demonstrates that the deep spatial features learned by the YOLOv8-Seg backbone in Iraq are
fundamentally robust and transferable. The network does not suffer from representational
collapse, but rather, the underlying representation of a tell remains valid, requiring only an
adaptation of the final prediction heads and confidence threshold to suppress the natural
background topography of the Iranian landscape. Consequently, while zero-shot transfer is
constrained by regional geomorphology, targeted fine-tuning, with the incorporation of
a small number of Iran-specific tell site data and characteristic landscape features, offers
an effective and necessary step that lowers the operational barrier for reusing pre-trained
models across highly diverse geographical contexts.

I Ground Truth I Ground Truth
Original YOLO Predictions B Prediction Original YOLO Predictions Bl Prediction
W Overlap B Overlap

Tell Site 0.48

Tell Site 0.66|
Tell 2itz 0.39|

loU-score = 0.58

Tell Site 0.59

Tell Site 0.68}

Tell Site 0.64

Tell Site 0.64]

(9)

Tell Site 0.79

(d) (h)

Figure 6. Examples (a—h) of both successful and unsuccessful YOLO inferences on the Iranian test
dataset for the best-performing seed. The quality of the segmentation masks is also assessed through
the per-tile pixel-wise IoU-score between the ground truth binary masks and the binarized YOLO
predictions. In the visualization, purple regions indicate the intersection (overlap) between ground
truth (blue) and predicted masks (red).
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Table 8. Performance of fine-tuned models over a subset of the Iranian test area. Best model in
bold. 95% confidence intervals are shown and are calculated from 10 independent model runs with
different random seeds. Results are compared against two baselines: (1) Zero-shot, where the original
models are applied directly to the test data; and (2) Zero-shot, histogram matching, where the original
models are applied after preprocessing the test data using a histogram matching algorithm [63] to
mitigate domain shift. This technique was applied selectively to the TPI band.

Object-Level Metric Pixel-Level Metric

Model Average Precision F1-Score IoU-Score

Fine-Tuned Models
Fine-tuning 100 tiles 0.288 &= 0.032 0.294 £ 0.032 0.086 & 0.014
Fine-tuning 200 tiles 0.488 £ 0.050 0.487 £ 0.055 0.123 4 0.022
Fine-tuning 200 tiles, frozen backbone 0.497 4+ 0.044 0.515 4+ 0.035 0.123 - 0.032

Baseline Models

Zero-shot 0.230 4 0.026 0.252 +0.021 0.048 +0.012
Zero-shot, Histogram Matching 0.269 £ 0.027 0.277 +£0.014 0.109 & 0.025

3.3. Archaeological Interpretation

This section analyses the model’s predictions in relation to the contextual information
available in the GIS environment (e.g., orthophotos, thematic cartography, and topographic
data) and assesses whether the observed reliabilities and uncertainties can be explained
by the characteristics of landscape and remote sensing data (see Figure 7). Even if it is not
possible to establish a direct comparison between the SAR products and the high-resolution
RGB imagery due to date mismatches, it can be reasonably assumed that, in most situations,
land divisions and, therefore, agricultural land use remain stable over multiple years within
the same land parcels.

The highest spatial overlap between predicted masks and ground-truth labels is
observed in relatively clear situations, where tell morphologies are small and approximately
oval, and land divisions closely follow the mound outline (Figure 7a). In some cases,
detection is further supported by a coherent association between topographic change
and land-use patterns, such as persistent agricultural parcel boundaries that follow the
outline of the mound. From a modelling perspective, this association is relevant because it
reinforces the spatial coherence between surface morphology and landscape texture visible
in the GIS data. The observed patterns may equally reflect geomorphological constraints,
soil moisture conditions, or modern land-management decisions, none of which can be
independently verified within the scope of the available data. In several cases, however,
more challenging conditions such as non-uniform land cover, e.g., uncultivated areas left as
bare soil and characterised by sparse and patchy vegetation, do not appear to significantly
affect the model’s predictions (Figure 7b). From a topographic perspective, additional
challenges include the spatial continuity between many tells and fluvial ridge systems,
where elevation remains nearly constant over long stretches of the plain. In these contexts,
tells are not isolated high-relief features but rather embedded within the ridge morphology
(Figure 7c). Despite these geomorphological conditions, the model is frequently able to
delineate tell features with a high degree of spatial accuracy.

The most frequent mismatches occur when the ground-truth annotations extend be-
yond the actual topographic mound and include portions of adjacent flat land (Figure 7ef).
These patches are clearly evident in the RGB imagery due to their irregular or oval shapes
and their frequently bare or uncultivated surfaces, which contrast with the regular agricul-
tural landscape. Annotations derived from legacy studies, therefore, sometimes enclose the
entire patch and are not limited to the topographic prominence of the tells, especially in
large archaeological areas where materials are scattered over wide extents and multiple
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tells are present. This ambiguity, inherent in the dataset characteristics, leads to two comple-
mentary outcomes in the model’s prediction. In some cases (Figure 7g), the model slightly
overpredicts the ground truth, extending beyond the mound limits and into the entire land
parcel. In other instances, the model underpredicts by fragmenting large composite areas
into smaller units that closely follow the topographic prominence of individual tells (see
Figure 5e).

A (b)

200 . 400 m

0 200+ 4400 m
/a7 )

250 500 m

== PREDICTIONS

Figure 7. Archaeological assessment of the significance of the predicted masks compared to ground-
truth labels and contextual landscape information in GIS, visualised over RGB and COP-30 DEM
imagery: (a) high spatial overlap in clear cases; (b) high spatial overlap in challenging land cove
conditions and surface disturbance; (c,d) high spatial overlap in challenging topographic conditions,
in which tell sites are in continuity with the relief of a fluvial ridge; (e,f) underprediction over a
large ground-truth label corresponding to bare soil parcel without any topographic prominence;
(g) overprediction over a large archaeological site whose ground-truth is represented by multiple
mounded features; (h) False positive prediction archaeologically validated by the presence of potential
looting pits. Background imagery in (a—c,e,gh): Esri World Imagery. Background imagery in
(d,f): Copernicus COP-30 DEM.

A visual inspection of the 253 false positive detections in the Iraq test area reveals that
57 instances (22.5%) may correspond to previously unrecorded tell sites (Figure 7h). These
features are consistent with known sites in terms of size and morphology, with a median
area of 1.66 hectares and typical dimensions of less than 200 m, both lower than median
values computed for the test area (see Table 1b). Those tells are often a bit smaller, low in
relief, or lack distinctive surface features such as agricultural boundaries or distinct land
use from the surrounding area, making their identification challenging. The presence of
these sites among the false positives is primarily due to limitations in the original visual
survey. During large-scale visual inspections, less prominent or previously unknown tells
can be occasionally overlooked. Factors such as vegetation cover, subtle morphological
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boundaries, modern disturbances, and visually noisy contexts can make sites difficult to
identify. Beyond these limitations, the archaeological dataset itself should be regarded as
inherently incomplete, as existing inventories inevitably reflect uneven survey intensity and
historical research biases. Therefore, these detections should not be considered model errors
but rather highlight potential archaeological features that are missing from the original test
dataset. The reliability of these predictions, as legitimate archaeological sites, is further
demonstrated by the identification of looting activity in at least six of these newly identified
sites. Since looting can be a direct indicator of buried archaeological deposits, these cases
provide independent evidence of the model’s ability to identify locations of high interest.
An additional 68 false positive detections correspond to elongated depositional alluvial
features (e.g., levees, crevasse splays) that share morphological similarities with tell sites.
Those features are valuable for landscape characterisation and archaeological prospection,
as they highlight candidate locations for future ground-truth survey.

A separate evaluation was also conducted on predictions that fall below the detection
threshold (see Section 2.4.5). Visual inspection confirmed the archaeological plausibility
of a subset of these predictions, some of which correspond to features already present in
the ground truth, while others represent previously unrecorded candidates. A subset of
these detections consists of small, oval tells, often less than 1 hectare in size, characterised
by minimal elevation change but a clear visual contrast with the surrounding agricul-
tural landscape, for example, through sparse vegetation or regular field patterns. At a
broader territorial scale, these sub-threshold detections may still represent archaeological
evidence. While their inclusion increases false positives and reduces precision, it also
highlights the model’s potential to improve recall by detecting subtle features that are
easily overlooked during standard visual interpretation, particularly in extensive and
low-contrast landscapes.

The model supports the archaeological prospection in two ways. On the one hand,
by focusing on a reduced number of candidates, it enables a more efficient allocation of
resources for field survey inspections, prioritising areas with the highest probability of ar-
chaeological presence and reducing the time and costs associated with traditional landscape
surveys. Moreover, the model can identify potential sites that human operators might miss
during manual documentation and traditional archaeological surveys, greatly improving
the reliability of prospection in large-scale studies. On the other hand, the confidence score
associated with each detection provides a measure of model certainty, allowing researchers
to rank candidates prioritising higher-confidence detections over lower-confidence ones.
While the integration with other remote sensing datasets (e.g., optical imagery and histori-
cal maps) and field ground truthing activities remains necessary to confirm the nature and
significance of the detected features, the model offers a systematic and scalable method
that overcomes some of the limitations of visual inspection and incomplete ground truth,
supporting informed decision making during the exploratory phases of research.

3.4. Explainability

The inspection of EigenCAM visualisations [61] provides insights into how the model
identifies and prioritises spatial patterns potentially associated with archaeological tells.
This analysis was conducted within the GIS environment, comparing the model’s ex-
planations with SAR products and high-resolution RGB imagery. In several cases (e.g.,
Figure 8a—c), the model’s attention maps highlight localised topographic reliefs suggesting
that the model effectively exploits elevation-derived information. However, in some cases
(e.g., Figure 9a), the model focuses on bare-soil uncultivated areas enclosed by curvilinear
roads or ditches, whose shape resembles the oval morphologies typical of tells, but without
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actual topographic relief. This indicates a sensitivity to textural and soil moisture patterns
that are similar to those associated with the tell features in the S-1 data.

Original Ground Truth YOLO Predictions EigenCAM (PC 0)
e —

(d)

Figure 8. Examples (a—d) of EigenCAM explanations over the Iraqi test area, compared to the

Tell Site 0.28

Tell Site 0.67

(b)

Tell Site 0.41

archaeological ground truth and model’s inferences. From left to right, the original false-color
image, the binary ground-truth mask, the YOLOv8-Seg predictions with confidence score, and the
corresponding EigenCAM map. Reddish pixels in the EigenCAM maps highlight the regions that
contribute most significantly to the model’s final decision during tell sites identification.

In areas with incised channels and strong elevation contrasts (e.g., Figure 9b),
the model’s saliency maps mark abrupt elevation changes. In addition, depositional
features at river bends (e.g., Figure 8d) are highlighted, likely due to their morphological
similarity to tells. Such activations reflect the influence of local relief and sedimentary
patterns, suggesting that geomorphological features can either generate classification ambi-
guity or provide clues to support correct predictions. In the Iranian test area, the presence
of high vegetation clustered in small patches (e.g., Figure 9¢,d), which is largely absent
from the Iraqi training dataset, creates topographic anomalies leading to detection errors:
these failures are reflected in the high level of noise characterising the corresponding
activation maps.

Overall, the EigenCAM analysis suggests that the model captures meaningful topo-
graphic and textural signals associated with potential archaeological objects, but it can
also be confused by natural or agricultural structures that share similar morphometric
characteristics. The interpretability analysis is therefore essential not only to validate the
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model’s reasoning but also to guide future refinements, which may include expanding the
training dataset with hard negative and positive examples, such as agricultural terraces
and vegetated fells.

Original Ground Truth YOLO Predictions EigenCAM (PC 0)
[ EEE—— |

(d)

Figure 9. Examples (a—d) of EigenCAM explanations over the Iranian test area, showing the model’s
response under direct transfer to a new geographical context.

4. Discussion
This section summarises and discusses the main findings of this work:

*  Open-access, medium-resolution SAR products (i.e., Sentinel-1 amplitude images and the
InSAR COP-30 DEM) can be used in a Deep Learning pipeline to map tell sites at large scales
in Iraq (Section 3.1):

— At medium resolution (10-30 m), a multimodal composite combining SAR dual-
polarimetric amplitude and COP-30 DEM topographic information consistently
outperformed single-modality baselines (optical RGB-only, topographic-only,
and SAR amplitude-only). Results confirmed that performance is robust to sea-
sonality, as shown in the Supplementary Materials Section S6;

—  The higher performance of the COP-30 DEM over S-1-only and S-2 RGB-only con-
figurations underscores that topographic prominence is the primary discrimina-
tive signal for the presence of a potential site. 5-1 backscatter provides meaningful
but insufficient information when used alone;
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- Although transitioning this SAR-based baseline model into a fully automated
pipeline without expert supervision on predictions remains an ongoing chal-
lenge (the best model achieved an object-level F1-score of 52% and a pixel-level
IoU-score of 39%), the pipeline can operate as a high-accuracy binary tile-level
classifier. In this configuration, it achieves an Area Under the Receiver Operating
Characteristic Curve of up to 0.94, as discussed in the Supplementary Section S7.
By operating as a pre-screening tool, the model can reduce the manual visual in-
spection effort required to detect the presence of potential archaeological features
across large landscapes;

— Archaeological interpretation of the model’s false predictions provides deeper
context for these performance metrics, revealing that 22% actually correspond to
highly plausible, unrecorded tell candidates, some with evidence of looting. This
highlights a common challenge in large-scale remote sensing datasets, where the
large volume of data can degrade the accuracy of initial manual visual analysis.
Consequently, such inherent data limitations must be accounted for when evalu-
ating model performance on complex archaeological features and landscapes.

*  Cross-regional transferability of the pipeline can be achieved, though minimal fine-tuning is
required to mitigate performance drops (Section 3.2):

- Under direct cross-regional transfer from the main Iraqi study area to the Iranian
test area, the proposed pipeline experienced a significant performance drop. This
degradation is likely attributable to the differing geomorphological and land use
conditions between the two regions, which introduced elements of confusion for
the model and generated false positive predictions. This interpretation seems
further supported by the explainability analysis, see Section 3.4;

—  The multimodal composite demonstrated greater robustness to regional variations
than the COP-30 DEM baseline, confirming that the model effectively exploits the
complementary information provided by the S-1 VV and VH bands rather than
degenerating into a detector of topographic anomalies;

- Regional fine-tuning on a small subset of Iranian data (amounting to less than
8% of the size of the original Iraqi training area and containing only 20 new
local sites) substantially recovered the model’s performance, restoring it to the
same level achieved in the main study area. This suggests that the pre-trained
weights encode transferable morphological representations requiring only minor
local adaptation.

A fair comparison of this work within the current state-of-the-art research on Deep
Learning for tell site mapping is not easily achievable due to differing rationales guiding the
existing experimental designs, ranging from the choice of the study areas to data resolution
and ground-truth curation. A tentative comparison with the work by [34], which shares
the same main study area in Iraq but utilises high-resolution optical historical and modern
satellite images, shows that the IoU-score for the “Tell Site” class falls within the same range:
0.36 £ 0.05 for our pipeline, and the equivalent bloU metric of 0.39 &= 0.06 reported by [34].
Consequently, these results suggest SAR products as a robust and complementary alterna-
tive for archaeological mapping of tell sites. This approach can leverage the operational
advantages inherent to Copernicus Sentinel-1 data, such as the availability of open-access,
regularly updated global coverage, and all-weather imaging capabilities.

Nevertheless, we acknowledge that the current workflow does not exploit the full
S5-1 radar echo signal, as it relies on dual-polarimetric backscattering amplitude and omits
phase-derived products such as INSAR coherence. Despite the complementary value of
coherence products for landscape characterisation, integrating them into a large-scale
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framework for archaeological site detection involves a trade-off among data availability,
spatial resolution, and computational efficiency.

First, globally available S-1 coherence products [64] are currently limited to a 3 arcsec
pixel spacing (around 90 m). This pixel spacing is suboptimal for identifying archaeo-
logical features such as tell sites, which have a median size of approximately 2 hectares.
Secondly, to enhance reproducibility and scalability, remote sensing data preprocessing was
conducted on the GEE platform, which can process only S-1 amplitude data. Generating cus-
tom coherence maps over extensive regional areas from S-1 IW Single Look Complex data
would demand an ad hoc external preprocessing pipeline and be computationally intensive,
especially since multitemporal median coherence products are needed for noise reduction.
This would negate the advantages of a fully cloud-based preprocessing workflow, while
the spatial multi-looking required for coherence estimation would inevitably degrade the
spatial resolution compared to the original amplitude products [24]. These constraints
prevented the integration of INSAR coherence into the current workflow, despite its value
and its potential for automated site detection and contextual landscape characterisation,
both of which remain not yet fully explored within archaeological remote sensing.

Finally, some of the remaining uncertainties may not be fully attributable to sensor
characteristics or model design, but may reflect the nature of the tell mapping task itself and
the extent to which tell sites can be represented within a binary segmentation framework.
Tell sites are not discrete archaeological objects with clearly defined boundaries, but the
result of long-term interactions between human occupation, geomorphological processes,
and taphonomic dynamics, including erosion, accumulation, and modern agricultural prac-
tices. The transition between archaeological space and the surrounding landscape is often
gradual and fuzzy by definition. This ambiguity is reflected in available datasets derived
from legacy surveys and historical studies, where annotations may include topographic
prominence, but also artifact scatters, associated uncultivated areas, or archaeological
complexes containing multiple nearby tells. Remote sensing analyses themselves are of-
ten insufficient to delineate the broader archaeological spaces associated with tells, even
when integrating multiple sources such as cartographic records, historical photographs,
legacy imagery, and modern satellite acquisitions. From this perspective, the uncertainty
observed in both the annotations and the model predictions may partly reflect ambiguity
inherent to the archaeological landscape itself, rather than solely limitations of the Machine
Learning algorithms.

5. Conclusions

In this study, we introduced a novel Deep Learning pipeline designed to automatically
detect and segment tell sites using satellite SAR data products, which are still overlooked
in automated archaeological analyses.

The YOLOVS-Seg pipeline proposed in this study demonstrated a promising level of
performance, achieving an average precision of 0.49 and a pixel-wise IoU-score of 0.36 on
independent test areas comprising 290 ground-truth tell sites. Archaeological interpretation
of the model’s inferences confirmed its potential as a valuable tool for large-scale archae-
ological prospection, specifically for mapping tell sites bigger than 0.3 hectares (3000 m?)
across vast landscapes. The pipeline also allows for the identification of previously un-
mapped potential sites, demonstrating its usefulness for the preservation and protection of
tell sites in regions where ground access is limited.

A primary strength of this pipeline is its reliance on freely available satellite data,
which enhances its accessibility and transferability. We showed that the model can achieve
comparable performance in geo-morphologically distinct regions such as Iran requiring
only minimal fine-tuning with a limited number of local annotations. Moreover, this re-
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search establishes a baseline for future investigations into the application of Deep Learning
techniques to SAR data for archaeological research. Such work is timely as advances in
Deep Learning for SAR are currently addressing challenges commonly associated with
SAR data interpretation, promising to improve the visibility and interpretability of archaeo-
logical proxies through Deep Learning-based denoisers and provide new strategies for data
fusion with LiDAR, optical, and historical data [26,28]. This work is also among the first
in archaeological prospection to integrate an explainability module in the Deep Learning
pipeline, increasing the transparency and trustworthiness of the Al’s output.

Despite these achievements, the current methodology leaves room for further method-
ological refinement and to inform future research. First, in terms of SAR data exploitation,
the proposed pipeline intentionally focused on SAR amplitude and ready-to-use InNSAR
products (i.e., the COP-30 DEM), while leaving additional phase-based information content,
such as interferometric coherence products, for future integration. Moreover, during the
preprocessing phase, these input data were converted to an 8-bit false RGB format, a practi-
cal choice that facilitated the integration with YOLOVS, but may not fully preserve their
original numerical richness. [65]. Second, as an initial baseline, this study directly trans-
ferred a Deep Learning architecture designed for natural computer vision images to this
archaeological remote sensing task. While this demonstrated good cross-domain applica-
bility, future work could explore domain-specific architectural modifications or tailored
loss and evaluation functions. Finally, model performance is directly linked to the charac-
teristics of the available remote sensing data (e.g., data resolution and temporal gaps): the
medium-resolution satellite products (10-30 m) may be limited in detecting smaller sites;
the different temporal range of the input data (S-1 from 2021-2023 and COP-30 DEM from
2011-2015) may introduce uncertainty, as it assumes tell sites remained undisturbed over
this decade despite ongoing urbanisation and agricultural expansion.

Future research will focus on overcoming some of the identified limitations by concen-
trating on two key directions: multimodality and data-efficient learning. As our findings
strongly motivate the adoption of a multimodal approach, we would investigate innovative,
natively remote sensing Deep Learning methods for the integration of optical, SAR, and to-
pographic information. Furthermore, we would address the challenge of data scarcity and
noise inherent in archaeological studies. This involves exploring the potential of Geospatial
Foundation Models as a novel paradigm for Earth Observation [66]. Geospatial Foundation
Models offer a promising path to building robust multimodal Deep Learning models, even
in data-scarce scenarios, as the requirement for large, high-quality datasets in traditional
supervised Deep Learning often limits its applicability to archaeological features.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/rs18132255/s1, Figure S1: Visual identification of a tell site across
different satellite EO data products. Figure S2: Hyperparameter tuning of image size and batch size
on the validation dataset. Figure S3: Hyperparameter tuning of the percentage of empty tiles on the
validation dataset for the optimal image size and batch size configuration. Figure S4: Performance
comparison between a YOLOv8-Seg model trained from scratch and a model initialised with COCO
weights. Figure S5: Performance comparison between YOLOv8s-Seg and YOLOv11s-Seg. Figure
S6: Spatial distribution of confidence levels for the validation dataset. Figure S7: Confidence level
distribution for truncated and non truncated inferences that exceed the model’s operational threshold.
Figure S8: Qualitative comparison between YOLOvVS8-Seg predictions and the outputs generated
via the Random Forest pixel-based classification on two samples of the independent test set in Iraq.
Figure S9: Average feature importance across the five Random Forest model runs, derived using the
Gini impurity criterion. Orange, blue, and green bars represent topographic, SAR amplitude-based,
and optical features, respectively. Figure S10: Seasonal effects on the visibility of tell sites over S-1
dual-polarisation composites. Figure S11: Model’s performance over the Iraqi test area for the dry
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and humid season composite and the full-year composite. Figure S12: ROC curve for the proposed
pipeline operating as a binary tile-level classifier for the presence or absence of tell sites. Table S1:
Random Forest configuration and hyperparameters used for the pixel-based classification of tell
sites. Table S2: Performance comparison between the Random Forest baseline and the YOLOv8-Seg
pipeline on the independent Iraqi test set. Table S3: Performance metrics over the Iraqi test area for
the dry and humid season composites and the full-year composite, calculated at the object-level and
pixel-level. Table S4: Tile-level classification performance computed over the Iraqi test area, which
comprises a total of 3150 tiles. References [67-70] are cited in the supplementary materials.
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The following abbreviations are used in this manuscript:

SAR Synthetic Aperture Radar

TPI Topographic Position Index

InSAR Interferometric Synthetic Aperture Radar
DEM Digital Elevation Model

\A% Vertical-Vertical Polarisation

VH Vertical-Horizontal Polarisation

5-1 Sentinel-1

S-2 Sentinel-2

COP-30 DEM  Copernicus Global 30-m DEM
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