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Abstract

Archaeological sites are the physical remains of past human
activity and one of the main sources of information about
past societies and cultures. However, they are also the tar-
get of malevolent human actions, especially in countries
having experienced inner turmoil and conflicts. Monitoring
these sites from space is a key step towards their preser-
vation, and we introduce the DAFA Looted Sites dataset,
DAFA-LS, a labeled multi-temporal remote sensing dataset
containing 55,480 images acquired monthly over 8 years
across 675 Afghan archaeological sites, including 135 sites
looted during the acquisition period. DAFA-LS is particu-
larly challenging because of the limited number of training
samples, the class imbalance, the weak binary annotations
only available at the level of the time series, and the sub-
tlety of relevant changes coupled with important irrelevant
ones over a long time period. It is also an interesting play-
ground to assess the performance of satellite image time
series (SITS) classification methods on a real and important
use case. We evaluate a large set of baselines and outline
the substantial benefits of using foundation models. We intro-
duce hybrid approaches combining foundation models and
temporal attention networks, showing the additional boost
provided by using complete time series instead of using a
single image. The code and dataset can be found at https:
//github.com/ElliotVincent/DAFA-LS.

1. Introduction

Between 2003 and 2013, numerous archaeological studies
were conducted in Afghanistan resulting in the identifica-
tion of over a thousand sites through terrestrial surveys and
satellite imagery [12], in particular in the northern part of
the country (Figure 1a). However, the gradual deterioration
in Afghanistan’s security conditions has posed significant

(a) Location of DAFA-LS sites in Afghanistan

(b) Oct. 2017 (c) Apr. 2020 (d) Jan. 2023

Figure 1. The DAFA Looted Sites (DAFA-LS) dataset contains
monthly satellite image time series (SITS) of Afghan archaeological
sites acquired between 2016 and 2023. We show on a map the sites
locations (a), including two for which we display a sample from
DAFA-LS time series (b-d): Ancient Balkh (in blue, top row) has
been preserved from looting [83], while Dilberjin (in red, bottom
row) suffered irreparable damage [27].
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challenges for continued field research and the country has
remained largely inaccessible to archaeologists since 2015.
In 2022, the French archaeological delegation in Afghanistan
(DAFA) identified the first instance of looting at the Dilberjin
site [27] (Figure 1b-d, bottom row). Leveraging their exten-
sive knowledge of the terrain, archaeologists have since then
documented widespread pillaging affecting more than a hun-
dred major sites. Given the scale of this phenomenon, a
remote and automated approach is essential to expedite the
identification of looting indicators. While research on detect-
ing looted archaeological sites exists (Section 2.1), it remains
limited and most existing publications do not release any
data. The lack of public datasets makes it harder for machine
learning researchers, unfamiliar with archaeology or remote
sensing data, to contribute their knowledge and skill despite
the theoretical and practical interest of the problem.

This is the motivation for introducing here the DAFA
Looted Sites dataset (DAFA-LS), which contains 55,480
images acquired monthly over 8 years, from 2016 to 2023,
across 675 Afghan archaeological sites, including 135 sites
looted during this period. The dataset is organized into satel-
lite image time series (SITS) and we distinguish between
‘looted’ and ‘preserved’ sites. DAFA-LS is the first open-
access dataset to make it possible for SITS classification
methods to evaluate on the looting detection task. Note that
looting detection is significantly different from most change
detection tasks, since looting can appear as a relatively subtle
appearance change, while other significant changes, e.g., in
the vegetation, are not relevant.

To demonstrate the advantages of DAFA-LS, we use it to
evaluate state-of-the-art remote sensing foundation models.
While some of these models can process small SITS, the
majority can currently handle only single images. Therefore,
their application to a SITS classification task requires more
than simply training a standard classification or segmentation
head. We explore the combination of a foundation model
with a temporal attention network, establishing a strong
baseline. In summary, our contribution is two-fold:

• We release a new SITS dataset, DAFA-LS, for archaeo-
logical looting detection (Section 3).

• We provide an extensive comparison of methods ad-
dressing this problem, including a novel hybrid method
combining a temporal attention module on top of a
foundation model (Section 4).

Ethical concerns are of course important for a sensitive topic
such as looting. They are addressed explicitly in Section 5.

2. Related Work

We first provide an overview of the archaeological looting de-
tection literature (Section 2.1) and then give a broad outline
of satellite image time series (SITS) classification datasets
and methods (Section 2.2).

2.1. Archaeological looting detection

SITS-based visual detection of archaeological looting.
Aerial and/or satellite imagery offers a means to man-
ually monitor archaeological sites, complementing time-
consuming, expensive and sometimes hazardous ground
surveys [20, 59]. Furthermore, human expeditions are im-
practical in several countries due to political and military
restrictions [18]. Multi-temporal satellite imagery allows
archaeologists to identify looting patterns by comparing suc-
cessive images [59, 80]. The literature on using remote
sensing to manually detect potential looting of archaeologi-
cal sites is rich [1–4, 13–15, 44, 60, 61, 75–77, 80, 81, 90].
Early methods relied on raw images for direct visual assess-
ment of damage, without any image enhancement or data
processing. For example, Stone [75, 76] used raw SITS to
detect looting holes in Iraq, while Kennedy et al. [44] as-
sessed site destruction by bulldozers in Jordan using aerial
image time series. Several publications [1, 13–15] focus on
Syrian sites located in conflict zones, visually comparing pre-
and post-conflict high-resolution satellite images to identify
looting, quantify damage, and assess the timing of these
events. Recent work confirms the potential of visual inspec-
tion of SITS to identify looting on Syrian sites [3] or other
damaging practices (ploughing, building/road/canalization
constructions) in Iran [90]. Another line of work processes
the images before visually analyzing them. Tapete et al. [77]
apply a Gaussian filter to the images before ratioing consecu-
tive image pairs in order to enhance morphological changes.
This method is used on synthetic aperture radar (SAR) im-
ages to detect looting holes or marks on Syrian sites. To ease
the process of visual interpretation of the images, Agapiou
et al. [4] perform photo-enhancing operations, playing on
the contrast, the brightness and the histogram of Google
Earth multi-temporal images of Cyprus, in order to visually
identify looting marks. Finally, Abate et al. [2] compare
multi-temporal orthophotographies acquired by unmanned
aerial vehicles (UAV) to the output of the maximum autocor-
relation factor/multivariate alteration detection (MAF/MAD)
transformations [57], commonly used in change detection
studies.

Automatic looting detection. In order to speed up the
detection process and allow for a fast response to poten-
tial threats, automatic identification methods have also been
developed. A simple approach is to use the thresholded
difference image between bi-temporal satellite acquisitions
in order to reveal looting marks. Rayne et al. [67] apply
this method on Sentinel-2 images a year apart to detect
looting pits in Lybia and Egypt. Castilla et al. [16] com-
pute change maps from bi-temporal satellite image pairs
as the sum of their robust difference [16] (i.e., difference
in brightness) and the difference between their Gabor fea-
ture maps [37, 54] (i.e., difference of texture). This method
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Open- Multi- Spatial Temporal Sensor Location Number
access temporal resolution resolution of sites

Masini et al. (2020) [55] ✗ ✓ Varying Yearly Satellite Syria 2
El Hajj (2021) [26] ✗ ✗ 15m/px — Satellite Syria and Iraq 9
Payntar (2023) [62] ✗ ✓ 30m/px Every 5 years Satellite Peru 477
Altaweel et al. (2024) [5] ✓ ✗ 3cm/px — UAV Worldwide 95

DAFA-LS (ours) ✓ ✓ 3.8m/px Monthly Satellite Afghanistan 675

Table 1. Aerial and satellite image datasets for archaeological site looting detection. In Masini et al. [55], images were acquired with
Google Earth with varying spatial resolution. El Hajj [26] does not provide open access to their dataset, but it can theoretically be recreated
openly since (i) locations, images and labels come from open-source data, and (ii) the pre-processing steps are detailed in the paper.

is applied to pre/post-disaster image pairs to identify sites
damaged by terrorists in Syria and Iraq. Bowen et al. [11]
localize looting pits in Egypt with a tree-based classifier
using SIFT [52], SURF [9] and HOG [21] descriptors on
mono-temporal mid-resolution satellite images. A series
of works [46, 55, 56] investigates a clustering approach on
spatial auto-correlation features for the detection of looting
holes or pits with bi-temporal Syrian and Peruvian Google
Earth images. El Hajj [26] classifies image patches to reveal
whether they contain looting or destruction instances using
an ensemble model composed of a random forest [41], an
AdaBoost classifier [29] and a SMOTEBoost classifier [17].
Payntar [62] characterizes potential destruction of archaeo-
logical sites by the change in the number of different land
cover classes in a given neighborhood: a Landsat image of
Peru taken every 5 years from 1985 to 2020 are segmented
independently with a random forest to obtain the land cover
maps. Finally, mask R-CNNs [39] have recently been ap-
plied to the detection of looting holes in mono-temporal
UAV data of several areas across the globe [5]. Recent meth-
ods are trained and evaluated on datasets that, in contrast
to DAFA-LS, are not available in open-access and/or not
multi-temporal, as reported in Table 1.

2.2. Satellite image time series classification

Satellite image time series datasets. Many SITS datasets
have been created in recent years for applications to crop-
type mapping [33, 45, 70, 72, 78, 87], wildfire spread
prediction [35], tree species identification [6], wilderness
mapping [25], change detection [82, 84, 85], land-cover
mapping [31, 88], low-to-high resolution knowledge trans-
fer [49], cloud removal [24], and electricity access detec-
tion [53]. DAFA-LS is the first open-access dataset for the
detection of looted archaeological sites. Compared to other
SITS classification datasets and applications, our benchmark
presents several important specificities. First, the changes
related to looting that we want to detect can be extremely
subtle and hardly visible, while other very important but
irrelevant changes are frequent. Second, because we target
regular monitoring at limited cost, our dataset is built from
images of limited spatial resolution but available freely at

high and uniform temporal resolution. Third, because of
the limited number of archaeological sites, and particularly
looted archaeological sites, training data is necessarily small
and very imbalanced.

Satellite image time series classification approaches. Ex-
isting techniques for satellite image time series classification
include pixel-wise and whole-image methods. Pixel-wise
methods [32, 42, 63, 71, 86] process each pixel of the SITS
independently, discarding spatial information. In practice,
these methods are outperformed by whole-image approaches,
like PSE+LTAE [34] or TSViT [79]. The former encodes a
set of pixels before processing the temporal dimension with
an attention mechanism while the latter uses a fully spatio-
temporal attention-based approach. Closely related to our
work are segmentation methods for SITS like 3D-Unet [73]
or UTAE [33] which are U-Net based architectures [69] de-
signed to process the temporal dimension. Very recently,
several works [6, 19, 23, 30, 36, 48, 50, 58, 68, 89] have
aimed at developing a remote sensing "foundation model",
introducing large models pretrained on millions of remotely
sensed images, often from different sensors, modalities or
spatial and temporal resolutions. These pretrained models
have shown good performance on classification and seg-
mentation downstream tasks. We evaluate both pixel-wise
and whole-image methods, and demonstrate that foundation
models can significantly boost performance.

3. Dataset

Sites identification and characterization. A significant
number of Afghan archaeological sites are cataloged in
the "Archaeological gazetteer of Afghanistan" [7] or docu-
mented by DAFA. Because ground surveys have been im-
practical since 2015 in Afghanistan, a team of archaeologists
have navigated through online platforms of high resolution
satellite imagery (Google Earth, ESRI and Bing) in order to
enrich the list with new sites and label them into the ‘looted’
and ‘preserved’ categories, depending on whether it has been
damaged by malevolent human activities prior to 2023 or
not. In total, 986 Afghan archaeological sites have been iden-
tified. We have gathered monthly SITS from January 2016
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Figure 2. Examples of time series and coarse location masks. For each archaeological site, we show the September image for each year
from 2016 to 2023 and the corresponding coarse location mask. The 4 top rows show looted sites (red squares) and the 4 bottom rows show
preserved sites (blue squares).

to December 2023 for each location. The source of our im-
ages is the Planet Basemaps product from Planet Labs [66].
Images can be freely downloaded, via the "Planet education
and research program", but since we do not want to release
geographical locations to avoid misuse of our data (we will
come back to this issue in Section 5), we will instead redis-
tribute modified versions of the images under a CC BY-NC
4.0 license [65]. In addition to the raw acquisitions, Planet
applies a proprietary post-processing algorithm in order to
minimize the effects of clouds, haze and other image vari-
ability [64]. Planet images have an alpha channel indicating
areas where there is no image data available. We remove all

images with any pixel for which it is the case. This results
in some missing time stamps, but the filtered dataset still has
a median of 94 dates per time series out of 96 possible dates.
Each image of the dataset covers a 1 km² area centered on
an archaeological site. Images have 3 channels (RGB) with
266×266 pixels and a ground sampling distance (GSD) of
3.8 meters per pixel.

A 1 km²-square patch centered on a site may cover other
archaeological sites in varying states of preservation. Addi-
tionally, since most sites have a relatively small extent, the
majority of the pixels in the image may either not provide in-
formative data about potential looting or contain information
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Surface (ha) Looted (%) Preserved (%)

0 <...< 1 0 16.1
1 <...< 2 2.2 34.8
2 <...< 3 12.6 22.6
3 <...< 5 22.2 14.4
5 <...< 10 34.1 8.5
10 <...< 100 28.9 3.5

Table 2. Distribution of areas for each class. Classifying all
sites with a 3-hectare threshold leads to a mean accuracy of 79.4%,
showing the need for a balanced test set to prevent the area bias.

that is correlated with looting, such as the presence of roads.
For these reasons, leveraging the most recent high-resolution
Google Earth image available to date, we manually anno-
tated a binary mask coarsely outlining the sites. A high
fraction of the preserved sites could not be delineated with
sufficient confidence and was eventually discarded. Several
reasons may explain why a site is not visible in a SITS, for
example the site may be too small to show on mid-resolution
imagery or completely buried under sand or earth. The final
number of sites for which a coarse location mask is available
is 675 (135 looted, 540 preserved), for a total of 55,480
satellite images. We show some examples of SITS from
DAFA-LS along with their coarse location mask in Figure 2.

Test set definition. We provide in the supplementary mate-
rial a map of DAFA-LS sites. As can be seen on these maps,
looted archaeological sites are mainly located in the northern
region of Afghanistan. However, we do not want methods
evaluated on our dataset to bypass the looting detection task
and learn to locate the sites thanks to geographical cues.
For this reason, we ensure that (i) the maximum distance
between two test sites is less than 200 km (the maximum
distance between two arbitrary sites in the dataset is more
than 1000 km), and that (ii) the maximum distance between
two sites of opposite class in the test set is smaller than 40
km (the average is 7.5 km and median 5.5 km). To limit
other forms of geographic bias, we also ensure that no site
in the test set is closer than 1 km from a site in the rest of the
dataset.

We have also found there is a potential bias in the site
areas, which we can estimate using the coarse location
masks. The area distribution for both classes is reported
in Table 2. We observe significantly different distributions
between looted and preserved sites, where a simple 3-hectare
threshold results in a mean classification accuracy of 79.4%.
To avoid this bias, we ensure that the test set exhibits similar
area distributions between the two classes by selecting the
same number of sites within each area bin.

Selection using these criteria leads to a total of 61 sites
(26 looted, 35 preserved) which we use as our test set.

Training and validation splits. From the remaining 614
sites we define 6 splits. First, we define 5 diverse validation

splits of 18 sites each ensuring that all sites in a validation
split are farther than 1 km from any site out of this split.
The remaining 524 sites are always used as training. We
evaluate all methods using a 5-fold scheme, using one of the
validation splits as validation and adding the others to the
524 samples we always use for training.

4. Benchmark
4.1. Task and evaluation
Problem statement. Let x be an RGB input time series
of satellite images consisting of T images of height H and
width W . Each time series corresponds to a unique archaeo-
logical site, whose coarse location is given by a binary mask
m of size H ×W . Given a pair (x,m), the task is to predict
a label y in {0, 1} indicating whether the corresponding site
is preserved (y = 0) or has been looted (y = 1). Except
when stated otherwise, we use as input to all methods the
element-wise multiplication of x and m, which prevents
them from leveraging information contained outside of the
coarse location mask which may be correlated with looting,
for example the proximity of a road.

Metrics. We evaluate the classification performance of the
baselines using a set of metrics commonly used in the binary
classification literature: the overall accuracy (OA), the F1-
score (F1), and the area under the ROC curve (AUROC).
Additionally, we use the false alarm rate (FAR), also known
as the false positive rate and common in the looting detection
literature [46, 47, 55, 56]. A low number of false positives
is indeed desired because it limits the number of costly and
time-consuming verifications and potential ground surveys
on sites flagged as looted.

4.2. Baselines
We have evaluated three types of methods: single frame
methods, pixel-wise multi-frame methods and whole-image
multi-frame methods. We detail their key characteristics and
differences in the supplementary material.

Single-frame methods. We know looted sites in DAFA-
LS have been damaged prior to 2023 so that looting marks
should appear in all 2023 images. Based on this observation,
we train single-frame methods looking only at 2023 images
and classifying them between ‘looted’ and ‘preserved’ de-
pending on the time series they are taken from. At inference,
all the 2023 images of a given time series are input to the
model separately, and the most predicted label out of the
12 predictions (1 for each month in 2023) is selected for
the corresponding site. We use as baselines ResNets [38]
of various sizes trained from scratch and several frozen pre-
trained foundation models: SatMAE [19], Scale-MAE [68]
and DOFA [89] on top of which we train a linear classifi-
cation head. These are all visual transformers (ViT) [22]
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pretrained following the mask-autoencoding (MAE) [40]
strategy. They also have their own specificities, including
the dataset they have been trained on. In particular, DOFA
is pretrained on more than 8 million satellite images from
different sensors, modalities and spatial resolutions.

Pixel-wise multi-frame methods. We can also view
DAFA-LS as a set of pixel time series and evaluate sev-
eral methods designed for pixel-wise satellite image time
series classification including DuPLo [42], TempCNN [63],
a self-attention approach referred to as Transformer [71],
and LTAE [32]. Here, only pixels xi,j located inside the
coarse location mask (i.e., mi,j = 1), are used at training
and inference for a given SITS x. At inference, we select
the most predicted label between ‘looted’ and ‘preserved’
among in-mask pixels as the prediction for a given SITS.

Whole-image multi-frame methods. We evaluate several
methods designed for the SITS classification task as defined
in Section 4.1: PSE+LTAE [32, 34] and TSViT [79]. LTAE
is a temporal self-attention network that we apply to series
of features extracted with a pixel-set encoder (PSE). The
Temporo-Spatial Vision Transformer (TSViT) has a fully-
attentional architecture, processing the tokens first tempo-
rally then spatially. We train a small version of TSViT from
scratch on DAFA-LS with a classification head. We addi-
tionally benchmark the performance of SatMAE [19]+LTAE,
Scale-MAE [68]+LTAE and DOFA [89]+LTAE. For these
methods, the features extracted using a SatMAE, Scale-MAE
or DOFA for each image of a SITS are flattened, stacked, and
fed as a multivariate time series to LTAE. To the best of our
knowledge, we are the first to explore the potential of com-
bining foundation models and temporal attention networks
in a SITS classification task.

In addition, we have considered formulating the prob-
lem as a segmentation one to evaluate a wider range of
methods. In this case, we do not mask the images and first
train a method to segment the time series at the pixel level
into three classes: ‘looted site’ (in-mask pixels for SITS
of looted sites), ‘preserved site’ (in-mask pixels for SITS
of preserved sites) and ‘not a site’ (out-of-mask pixels). At
inference, the classification prediction corresponds to the ma-
jority class at the pixel-level inside the coarse location mask
among ‘looted’ and ‘preserved’. This enables us to evalu-
ate TSViT [79] (with a segmentation head) and UTAE [33]
trained from scratch. The U-Net with Temporal Attention
Encoder (UTAE) consists of a U-Net architecture where a
temporal attention mechanism squeezes the temporal dimen-
sion before the decoding branch.

Implementation details. We have trained all methods on
a single NVIDIA GeForce RTX 2080 Ti or NVIDIA V100
GPU. We use a binary-cross entropy loss and the AdamW
optimizer [51], except for the segmentation methods that
have been trained using a regular cross-entropy loss. We use

the implementations of DuPLo and TempCNN available in
the Transformer official public repository1 and the official
implementation for all other methods. We use random resize
crop, random rotate and random flip as data augmentation for
whole-image methods. For whole-image time series based
approaches, 24 dates (3 per year) are randomly sampled out
of the 96 available at training time and the whole time stamps
are used at inference. Additional details on training and ar-
chitecture configurations can be found in the supplementary
material.

4.3. Results
We report the performance of all evaluated baselines in Ta-
ble 3 and make three key observations. (i) First, leveraging
the DOFA foundation model outperforms other methods.
Among single-frame methods, DOFA surpasses ResNet20
and ResNet18 trained from scratch, as well as the frozen
SatMAE and Scale-MAE models, and is on par with the
larger ResNet34 trained from scratch but with a significantly
lower FAR. In the multi-frame category, DOFA+LTAE
clearly outperforms PSE+LTAE, SatMAE+LTAE, and Scale-
MAE+LTAE, delivering our best overall performance. Note
that, altough DOFA has not been trained on Planet imagery
and at its particular spatial resolution, the pre-training set of
DOFA includes SatlasPretrain [8] that contains images of
Afghanistan in the SAR modality. DOFA (111M parame-
ters) also has multiple orders of magnitude more parameters
than ResNet20 (0.27M parameters) for example. (ii) Second,
the temporal information benefits from a specific treatment,
beyond a simple voting aggregation strategy: DOFA+LTAE
outperforms the single-frame DOFA baseline by +7.9% in
F1 score, +3.1% in AUROC, and +2.0% in OA. Note that
this comes at the cost of an increased false alarm rate. This
observation is consistent among all evaluated foundation
models, with SatMAE+LTAE and Scale-MAE+LTAE out-
performing their single-frame counterparts at the cost of an
increased FAR. (iii) Finally, as often with SITS data, pixel-
wise methods are significantly outperformed by whole-image
approaches, showing the importance of spatial information
for the looting detection task.

Ablation. We further evaluate whether methods learn tem-
poral cues from DAFA-LS despite the lack of frame-wise
annotations. To achieve this, we use our best-performing
baseline (DOFA+LTAE) and perform inference on subsets
of the time series. We first constructed annual time series
by taking images from a specific month across all available
years. As shown in Figure 3a, using annual month-specific
sub-series results in performance that is similar or worse
compared to using all available time stamps. Notably, infer-
ences made on spring or autumnal time series are comparable
to those made on all-month time series in terms of F1 score.

1https://github.com/MarcCoru/crop-type-mapping
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Method #param (x1000) OA↑ F1↑ AUROC↑ FAR↓
Single-frame methods

ResNet20 [38] 269.2 54.7 (8.9) 54.5 (17.1) 75.3 (3.1) 54.9 (34.5)
ResNet18 [38] 11,177.5 71.8 (2.6) 64.1 (5.4) 84.5 (1.5) 19.4 (3.3)
ResNet34 [38] 21,285.7 74.1 (3.2) 68.9 (6.3) 85.2 (1.7) 22.3 (8.0)
SatMAE⋆ [19] 2.1 63.6 (0.7) 41.9 (0.4) 75.3 (0.2) 12.0 (1.1)
Scale-MAE⋆ [68] 2.1 62.6 (0.7) 39.3 (1.9) 76.0 (0.3) 12.0 (1.1)
DOFA⋆ [89] 1.5 76.7 (2.8) 67.0 (4.2) 84.0 (1.4) 7.4 (2.3)

Multi-frame methods
Pixel-wise methods

DuPLo [42] 86.8 52.1 (2.8) 50.4 (4.9) 50.9 (3.7) 52.0 (7.8)
TempCNN [63] 28.5 55.7 (3.4) 44.2 (9.7) 58.8 (1.8) 34.9 (9.8)
Transformer [71] 38.5 56.4 (3.7) 63.5 (3.2) 62.7 (4.1) 68.0 (10.0)
LTAE [32] 32.2 52.5 (7.8) 58.0 (4.6) 62.0 (8.5) 65.7 (18.8)

Whole-image methods
PSE+LTAE [32, 34] 34.0 55.1 (9.8) 47.7 (6.2) 59.5 (6.3) 39.4 (19.4)
UTAE [33] 68.9 62.0 (3.5) 58.9 (2.3) 64.5 (4.5) 39.4 (8.6)
TSViT [79] (cls. head) 236.9 64.3 (1.2) 53.0 (3.7) 70.8 (2.3) 23.4 (4.9)
TSViT [79] (seg. head) 237.4 64.6 (3.5) 60.2 (7.1) 69.6 (4.2) 35.4 (6.9)
SatMAE⋆ [19]+LTAE [34] 1,627.9 67.9 (4.7) 64.7 (4.0) 75.2 (3.7) 33.1 (11.1)
Scale-MAE⋆ [68]+LTAE [34] 1,627.9 68.5 (2.4) 56.4 (7.7) 77.6 (0.8) 17.1 (4.4)
DOFA⋆ [89]+LTAE [34] 926.1 78.7 (2.3) 74.9 (3.5) 87.1 (3.0) 18.9 (6.9)

Table 3. Classification performance. We evaluate several methods trained on DAFA-LS and distinguish between methods that process a
single image at a time (single-frame) and methods receiving time series as input (multi-frame). Multi-frame methods can be pixel-wise or
whole-image based. We indicate with a star (⋆) methods that have been pretrained on another dataset beforehand. Best scores overall are
highlighted in bold and second best are underlined. We show the standard deviations over the 5 folds in (parenthesis) and report the number
of trainable parameters for each baseline. We highlight in blue the rows corresponding to our proposed combination of a foundation model
(SatMAE, Scale-MAE and DOFA) and an attention network (LTAE).

This experiment demonstrates (i) that season — and likely
vegetation — affects detection performance, and (ii) that the
temporal attention mechanism of LTAE can prioritize infor-
mative time stamps when using monthly time series. Second,
we have conducted inference on monthly year-specific time
series and report the results in Figure 3b. We observe a
performance peak using the 2020 and 2021 sub-time series,
suggesting that looting-related changes (appearance of marks
or scars) likely occurred during this period. Similar to month-
specific time series, best performance is achieved when using
all the available data. This is confirmed in Figure 3c, where
we use time series of various lengths at inference. Time
series span periods from 20XX to 2023, where XX is in
{16, ..., 23}. We observe that the performance consistently
decreases as the series becomes shorter.

5. Limitations and Discussion
The dataset comes with several limitations. First, all archae-
ological sites are located in Afghanistan, a relevant case
study for which we have reliable looting annotations. Con-
sequently, most images are of dry and desertic areas. The
conclusions drawn on our dataset will likely not hold in re-
gions with dense vegetation, where archaeological sites are
hidden beneath the canopy, and other modalities like SAR
or LiDAR may be required.

Second, to avoid biases, we have chosen to discard pixels
outside the coarse location mask in most of our baselines.
While these pixels may not provide direct evidence of loot-
ing, analyzing the surroundings of archaeological sites could
offer insights into factors that increase the likelihood of
looting. DAFA-LS includes a 1 km² area around each site,
allowing for such analysis in future research.

Third, although the weak annotations in DAFA-LS make
it a challenging dataset, the classification task could bene-
fit from temporal annotations of the damage (i.e., the dates
when marks appear) and spatial labeling of looting scars at
the pixel level. However, higher resolution imagery would
likely be necessary for this purpose, but it is not freely ac-
cessible and is typically not available at high temporal reso-
lution.

Finally, we have only considered supervised baseline
approaches, but given the lack of fine-grained annotations,
unsupervised change detection methods might be useful for
discovering looting events. We believe the variability of our
image would make unsupervised approaches challenging,
but we hope DAFA-LS will encourage investigations of such
methods and their potential combination with the available
weak annotation labels.

Ethical statement. The purpose of this dataset is to en-
courage the development of efficient methods for detecting
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(a) Month-specific time series (b) Year-specific time series (c) Series from 20XX to 2023
Figure 3. Ablation of DOFA+LTAE. We evaluate DOFA+LTAE on either month-specific (a) or year-specific (b) sub-time series of
DAFA-LS. In other words, instead of taking all monthly time stamps as input, we only take images of a given month (across all years) or of a
given year. We additionally perform inferences with various temporal range using DOFA+LTAE (c). We use time series spanning period
from 20XX to 2023 with 20XX being the year indicated on the x-axis.

looted archaeological sites. The primary goal is the auto-
matic and remote monitoring of known sites to preserve the
cultural heritage they represent. We discuss example use
cases of our work in the supplementary material. To prevent
misuse by malevolent individuals or organizations, we do not
release the GPS coordinates of the sites in DAFA-LS, have
added random noise to the point coordinates before plotting
the maps displayed in Figure 1 and in the supplementary
material, and added random geometric transformations to
the SITS we distribute. Following the template of Sandbrook
et al. (2021) [74], we have ensured that DAFA-LS complies
with the set of ethical principles outlined below:

(a) Recognize and acknowledge: We recognize and ac-
knowledge that the release of DAFA-LS can have social
impacts, and may cause undue harm to individuals.

(b) Necessity and proportionality: Archaeological sites
all over the world face natural and man-made threats. The
rich literature about site monitoring confirms it is necessary
to ensure their protection as they constitute a cultural her-
itage. The use of freely available satellite data to flag their
potential looting is a proportional action to address this con-
servation problem. The interest of satellite monitoring tools
is to identify looting activities as quickly as possible in or-
der to inform the country’s authorities, international experts
(UNESCO, ICOMOS), and the general public.

(c) Potential impacts on people: In a politically unstable
country such as Afghanistan, looting detection exposes the
locals at risk of unforeseen legal consequences. There exists
a risk to privacy, to safety and security of locals, including
human rights, and to irresponsible use, and violation of legal
compliance.

(d) Consent from people: DAFA-LS is built on authorized
and official digs and observations made by the DAFA (Délé-
gation Archeologique Francaise en Afghanistan). French
DAFA archaeologists have been helping local archaeologists
since 1922, in answer to a wish from King Amanullah, which
was renewed by the President of the Republic, Ashraf Ghani,
in the 2010s [10], and reinforced by a treaty in 2012 [28]. At
the moment of writing, the de facto Taliban regime has not

yet reintegrated into the international community of the UN.
An institution like DAFA therefore cannot officially initiate
scientific collaborations with its Afghan counterparts. Thus,
no Afghan authority can be mentioned at this stage of the
work.

(e) Transparency and accountability: DAFA-LS is an
open-access dataset created from freely available satellite
images. All related code will be made open-source on the
official GitHub repository linked to the dataset. The spatial
resolution of the images (~3m/px) makes it impossible to
identify individuals or their personal vehicle. The images
represent an area of 1 km² centered on archaeological sites.
Therefore, DAFA-LS cannot be used for another purpose
than archaeological preservation.

(f) Peoples’ rights and vulnerabilities: The destruction
of cultural heritage is prohibited in Afghanistan and has re-
peatedly been considered a war crime by the International
Criminal Court [43]. These acts primarily harm the Afghan
people by erasing traces of their past, which are crucial for
national cohesion and the country’s future. Afghan commu-
nities living near archaeological sites could also suffer from
the malicious destruction and looting of these sites.

6. Conclusion

We release DAFA-LS, a new dataset for detecting looted ar-
chaeological sites. The dataset contains monthly satellite im-
age time series centered on sites in Afghanistan. We use this
dataset to evaluate SITS classification approaches, includ-
ing single-frame methods and pixel-wise or whole-image
multi-frame methods. We hope this work will encourage the
community to improve classification performance on archae-
ological satellite data, as it is crucial for the preservation of
our cultural heritage. We have also introduced a strong base-
line that combines large foundation models with the LTAE
architecture, specifically designed for SITS. DOFA+LTAE
in particular outperforms classic methods, and we hope our
work inspires the development of more sophisticated ap-
proaches for SITS classification.
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