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Miguel-Ángel Fernández-Torres
Universitat de València (UV)
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Abstract

Training deep learning models on remote sensing im-
agery is an increasingly popular approach for address-
ing pressing challenges related to urbanization, extreme
weather events, food security, deforestation, or poverty re-
duction. Although explainable AI is getting more frequently
utilized to uncover the workings of these models, a com-
prehensive summary of how the fundamental challenges in
remote sensing are tackled by explainable AI is still miss-
ing. By conducting a scoping review, we identify the current
works and key trends in the field. Next, we relate them to
recent developments and challenges in remote sensing and
explainable AI. By doing so, we also point to novel strate-
gies and promising research directions, such as the work
on self-interpretable deep learning models and explanation
evaluation.

1. Introduction
By providing frequent views of the earth from above, earth
observation (EO) data plays a key role in addressing the
Sustainable Development Goals [18]. In recent years, the
vast amounts of generated satellite imagery have empow-
ered the development of novel deep-learning approaches de-
signed to tackle these challenges. While these approaches
have shown outstanding performance in many of these
problems [9, 38, 65], they are often complex and lack the
interpretability and explanation of their decisions. This rep-
resents a challenge for EO applications because understand-
ing the model’s functioning and visualizing the interpreta-
tions for analysis is crucial [50], as it allows practitioners
to gain scientific insights, discover biases, assess trustwor-
thiness and fairness for policy decisions, and to debug and
improve a model. Hence, explainable AI (xAI) emerges as
a promising approach to tackle the above-mentioned chal-

lenges with observational data [57].

Yet, the application of the popular xAI methods from
computer vision to remote sensing (RS) is not straightfor-
ward as RS imagery introduces a unique modality in com-
puter vision having different properties than natural images
[51]. First, images are captured from above. This per-
spective comes with unique scales, resolutions, and shad-
ows. Second, RS captures images in other electromag-
netic spectra, apart from the usual Red-Green-Blue (RGB)
channels. Third, usual RGB cameras are primarily pas-
sive, while RS can be active, which changes properties like
the radar shadows, foreshortening, layover, elevation dis-
placement, and speckle effects [33]. Several reviews in the
literature already investigate the application of xAI in EO
[20, 23, 30, 52, 58]. The pioneering work of [52] catego-
rizes the identified studies in xAI according to the general
challenges in bio- and geosciences. Similarly, challenges
related to geographic data, xAI computation, and geosocial
issues are pointed out in [58]. Further, [20] sheds light on
the existing works and addresses the xAI usage from a regu-
latory and societal perspective, discussing the requirements
and type of explanations needed in EO from policy and reg-
ulation. In related studies, [30] discusses the usage of xAI
according to the stakeholder goals while [23] focuses on the
xAI approaches used for poverty mapping. Although these
reviews refer to novel approaches in the field, they are not
based on a broad literature database required to discern the
key trends and the state-of-the-art in the field. Addition-
ally, they do not reflect on the limitations of the popular
approaches to tackle interpretability challenges in RS nor
relate how the recent developments of xAI are integrated
into RS.

We address these issues by conducting a systematic lit-
erature search for approaches from xAI in RS in three com-
monly used literature databases, namely Scopus, Springer,
and IEEE. The search query (see Listing 1) consists of two



major parts: keywords related to xAI and keywords related
to EO.[

e a r t h o b s e r v a t i o n OR r emote s e n s i n g OR
e a r t h s c i e n c e OR

(
( s a t e l l i t e OR a e r i a l

OR a i r b o r n e OR s p a c e b o r n e OR r a d a r ) AND

( image OR d a t a )
)

OR LiDAR OR SAR OR UAV
]

AND[
x a i OR

(
( i n t e r p r e t * OR e x p l a i n * ) AND ( deep

l e a r n i n g OR d l OR machine l e a r n i n g OR ml
OR a r t i f i c i a l i n t e l l i g e n c e OR a i OR

model )
)]

Listing 1. Search query

We considered papers discussing RS in EO, namely RS sen-
sors mounted to aerial vehicles and satellites, as well as their
high-level and compound products. Publications published
before 2017, reviews, and short conference papers were ex-
cluded. In summary, the search resulted in 1075 papers,
which were filtered in three steps: (i) removing duplicates,
conference abstracts, and reports, (ii) screening through the
abstract, and (iii) screening through the full text, which left
us with 964, 357 and 147 papers, respectively. These 147
papers were accompanied by 60 papers we had in our li-
braries. In the rest of this review, we summarize these
works according to the EO task, the xAI family, and the
evaluation procedure. In the next section, we reveal the key
trends emerging from xAI in RS. Next, we use these trends
to identify the interpretability challenges and the promis-
ing research directions based on the recent developments in
these fields.

2. Recent Trends of xAI in RS

Figure 1 gives a broad overview of the development and
evolution of the xAI in RS field in the last years. Con-
cretely, Figure 1a illustrates varying trends in the EO tasks,
with vegetation, atmosphere, and natural hazard monitoring
recently getting more attention. Meanwhile, despite their
prominence, the xAI applications in landcover mapping and
agricultural monitoring have stagnated in the last year. This
suggests that the initial applications of xAI focused on tra-
ditional EO tasks. Indeed, landcover mapping is one of
the most established EO tasks, with a variety of benchmark
datasets and models. In contrast, the latest studies exten-
sively explore xAI for other nowadays critical problems that
usually lack established datasets and models. This intercon-
nects to the recently elevated usage of local approximation
(e.g., SHAP [36]) and perturbation approaches (Figure 1b).
Being model-agnostic, these approaches enable a simple
framework for initial assessments of the black-box models
used for the recently explored EO tasks. Particularly, SHAP
is by far the most utilized xAI approach used in 38% of the
publications, with extremely high usage being noted for the

last two years, whereas previously it had been rarely applied
[20]. Other frequently used xAI approaches are backpropa-
gation methods like Class Activation Mapping (CAM) [64]
that are often applied to landcover and target mapping stud-
ies.
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(a) EO tasks (see Appendix 1) over time.
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(b) xAI categories over time. Based on [49].

Figure 1. The number of publications in the EO tasks and xAI
categories over time.

3. Current Challenges in Remote Sensing and
Explainable AI

3.1. Remote Sensing properties

The highly utilized xAI approaches mentioned in the pre-
vious section typically rely on assumptions that might not



adhere to the RS image properties. For example, local ap-
proximation and perturbation approaches typically assume
feature independence [43] or the backpropagation methods
are designed to operate on natural imagery. These assump-
tions are often violated in RS data due to the presence of
scale, geographical relationships, and temporal dependen-
cies. Figure 2 illustrates that recently, there have been an in-
creasing number of works that adapt the existing xAI meth-
ods to address these specific challenges of RS. Class activa-
tion map approaches, particularly Grad-CAM, are the most
frequently adapted approach in RS. Other recently adapted
approaches are the feed-forward, attention-based, and pro-
totype deep neural networks, as well as permutation feature
importance (PFI) and Generalized Linear Models (GLMs).
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Figure 2. Number of adapted xAI methods per year.

The scale in RS describes the scope and resolution of in-
put data [21]. While the scope determines the geographic
extent, the resolution specifies to which degree information
can be captured, defining the shape, granularity, and bound-
aries of the objects. Some concepts or objects, like land-
cover or mountains, have no distinct boundaries or areas.
Instead, changes are more continuous and have irregular
shapes. Hence, spatial resolution has semantic implications,
since the presence or absence of information in the data in-
fluences the ability to distinguish and interpret specific fea-
tures or objects within the scene. This remains a challenge
for RS and xAI [58]: most methods have problems with
the high granularity of features, highlight an increased spa-
tial extent, or are very noisy. New methods are constantly
being developed to overcome these disadvantages. Recent
works leverage the lower-level feature representations to
create much more fine-grained Grad-CAM saliency maps
[22, 40]. Another novel method addressing the challenge
of scale decouples the attribution from the spatial space,
yielding a permutation method able to attribute across var-
ious neighborhoods [8]. The scale of RS observations also
determines the spectral resolution. Every sensor captures
reflectance data across distinct wavelengths, extracting dif-
ferent ground information. Until now, a comprehensive xAI

evaluation taking into account the different spectral proper-
ties in RS images is missing. A 3D CAM variant adapted
from medical imaging shows the importance of different
spectral bands per pixel [13]. This provides insights into
both spatial and spectral attribution, in contrast to the cur-
rent CAM methods, which only visualize spatial attribution.

Another property is the topology of the data [58]. Geo-
graphic relations can be a hidden confounder not captured
by the data. For example, social structures are strongly tied
to the location or symbiotic relationships that exist in and
between the biosphere, lithosphere, cryosphere, and hydro-
sphere. That makes analyzing and using xAI in RS dif-
ficult. One approach focuses on location-awareness [5],
extending the ProtoPNet architecture [12] to account for
the relative locations in the input, thus enabling local pro-
totypes. A different strategy that facilitates the learning
of spatial relations for monitoring the exposure to surface
ozone is presented in [37]. The authors propose using a U-
Net model whose input pixels represent high-level features
of the neighboring geographical areas. Their approach un-
covers the contribution of the neighboring areas by applying
the Integrated Gradients [54] method per output pixel. Cur-
rently, there is also an increasing interest in the integration
of topology data analysis [10] with AI [11, 24]. For exam-
ple, [14] attempts to discover the topology of the data by
mapping each pixel through a lens function, dividing them
into subsets, and clustering within these subsets. Different
groups are generated that classify the pixels into categories
according to the number of pixels in each subset and their
connectivity.

Furthermore, RS data often comprises sequential data,
and most of the existing xAI methods do not account for
temporal dependencies [28]. However, several possibilities
designed for sequential data exist in the literature [56]. One
of the most frequently used is the attention mechanism. The
only novel approach identified in this review that explicitly
tackles the problem of time dependencies is presented by
[39]. They learn regression coefficients per feature, time
point, and location. Additionally, the spatiotemporal depen-
dencies are disentangled with a random effect component
where the latent variables follow a temporal Markovian pro-
cess. This approach is evaluated for air quality estimation,
where the regression coefficients are used to reveal the tem-
poral importance of various meteorological and landcover
features.

3.2. Towards interpretable Deep Neural Networks

The initial research for interpreting Deep Neural Networks
(DNNs) focused on developing post-hoc, backpropagation
methods. Yet, these methods highlight only raw features
that usually do not correspond to intuitive concepts and do
not provide additional insights into how these features are
used by the model [1]. In recent years, self-interpretable



DNNs emerged as a popular approach to address these lim-
itations [25].

The self-interpretable networks proposed for tackling RS
spatio-temporal inputs usually rely on the attention mech-
anism. For instance, the Earthformer [19] applies self-
attention to input tensors decomposed into local cuboids,
and then attends to global cuboids which summarize the
overall status of the system. Another example is given
in [55], where a temporal transformer encoder followed
by a spatial one is used to process all patches compos-
ing the time series. Similar approaches suitable for RS
spatio-temporal data can be found in [4, 15, 35, 45]. Fur-
ther exploration of the explanations provided by the atten-
tion mechanisms in these new transformer architectures is
still missing in the EO literature and could be a promis-
ing direction for latent space analysis-based xAI. It should
be noted that attention mechanisms are not solely used in
transformers but also in convolutional and recurrent DNNs
[17, 27, 29, 41, 48, 53, 59, 60].

Prototype networks and Bagnets are other self-
interpretable DNNs that have recently been utilized in EO
studies. Prototype networks, which are becoming increas-
ingly popular in computer vision [3, 12, 44], enforce a rea-
soning process that classifies input examples based on their
similarity to prototypical images. In addition to the ap-
proach in [5] described above, a prototype network for flood
mapping is presented in [63]. The prototypes in this case
are associated with cluster centers in the latent space of a
U-Net encoder. This enables interpretability in terms of lin-
guistic IF ... THEN rules. A recent work introduces an
interpretable convolutional DNN architecture, the BagNet
[7], which, in contrast to the traditional convolutional archi-
tectures, processes small image patches at a time. The acti-
vations for each class in each receptive field are combined
to provide a prediction at the image level. The magnitude
of the receptive fields’ activations corresponds to the impor-
tance of the features, and an attribution map can be directly
compiled from the activations. Examples of this method-
ology applied to vehicle detection are given in [31, 32].
A similar approach integrates DNNs in Generalized Addi-
tive Models (GAMs) for landslide susceptibility prediction,
where the DNNs approximates the GAM’s spline functions.
This combination enhances its interpretability and at the
same time leverages the capabilities of DNNs [16]. An-
other study combines a DNN with linear regression, equip-
ping the model with an interpretable-by-design component
[62].

3.3. Evaluation of xAI

Evaluating explanation quality and its trustworthiness is an
essential methodological challenge in xAI that has been ex-
tensively tested in several studies [2, 26]. Our results agree
with [20] in a sense that most studies provide only anecdo-
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Figure 3. The number of times different evaluation types are con-
sidered in the literature, based on their corresponding number of
papers.

tal evidence through qualitative evaluation (see Figure 3).
However, cherry-picking and qualitative evaluation of ex-
planations represent a challenge to humans. Because hu-
man perception is mainly visual, humans are biased toward
certain types of xAI explanations. For example, humans in-
troduce cognitive distortion by drawing more attention to
negative examples and looking for simple but complete ex-
planations [6]. Hence, it is hard to quantify the results ob-
jectively through anecdotal evidence. Also, the literature
does not define what a sufficient explanation or interpreta-
tion is. Nevertheless, the qualification of the interpretability
of xAI approaches is essential [34]. Likewise, no standard-
ized and objective evaluation for xAI methods has been es-
tablished, posing a challenge for potential partitioners out-
side the xAI domain. Even though frameworks for xAI have
been developed recently [42, 46], they are tailored towards
a specific type of method or problem [46]. Others focus
more on the life-cycle of the systems than the evaluation
[42]. Furthermore, we found only one survey that evaluates
the usefulness of the explanations to experts [47]. How-
ever, with the emphasis on human-centered AI in the cur-
rent research landscape, user studies are becoming signifi-
cant to quantify the benefit of the explanations and the un-
derstanding of the end-users [61]. Because they have been
largely unexplored in the context of xAI in RS, they pose a
promising research direction. In summary, the evaluation of
xAI lacks a standardized methodology, potentially limiting
non-experts applying the methods. This circumstance might
have contributed to the large number of anecdotal evidence
we encountered in our review.

4. Conclusion
A scoping review has been conducted to reveal the emerg-
ing trends of xAI in RS. Our results show a recently ele-
vated usage of xAI in critical applications related to natural
hazards or atmosphere monitoring, as well as a stagnation
of standard tasks like landcover mapping. This is accom-
panied by increased utilization of local approximation and



perturbation approaches, together with a consistent applica-
tion of backpropagation approaches for explaining DNNs.
Yet, these popular approaches usually do not capture the
RS data properties like scale, topology, and time series, so
we have highlighted novel works tackling these challenges.
Finally, we emphasize the promising research directions of
developing interpretable DNNs along with quantitative and
user-study evaluation procedures to verify the reliability of
the extracted explanations.
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The work of A. Höhl is funded by the project ML4Earth
by the German Federal Ministry for Economic Affairs and
Climate Action (grant number 50EE2201C). The work of
I. Obadic is funded by the Munich Center for Machine
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Sun, Mario Lučić, and Cordelia Schmid. ViViT: A Video
Vision Transformer. In Proceedings of the IEEE/CVF Inter-
national Conference on Computer Vision, pages 6836–6846,
2021. 4

[5] Elizabeth A. Barnes, Randal J. Barnes, Zane K. Martin, and
Jamin K. Rader. This Looks Like That There: Interpretable
Neural Networks for Image Tasks When Location Matters.
Artificial Intelligence for the Earth Systems, 1(3):e220001,
2022. 3, 4

[6] Astrid Bertrand, Rafik Belloum, James R. Eagan, and Win-
ston Maxwell. How Cognitive Biases Affect XAI-assisted
Decision-making: A Systematic Review. In Proceedings of
the 2022 AAAI/ACM Conference on AI, Ethics, and Society,
pages 78–91, New York, NY, USA, 2022. Association for
Computing Machinery. 4

[7] Wieland Brendel and Matthias Bethge. Approximating
CNNs with Bag-of-local-Features models works surprisingly
well on ImageNet. International Conference on Learning
Representations, 2019. 4

[8] Alexander Brenning. Spatial machine-learning model diag-
nostics: A model-agnostic distance-based approach. Inter-
national Journal of Geographical Information Science, 37
(3):584–606, 2023. 3

[9] Gustau Camps-Valls, Devis Tuia, Xiao Xiang Zhu, and
Markus Reichstein. Deep Learning for the Earth Sciences:
A Comprehensive Approach to Remote Sensing, Climate Sci-
ence, and Geosciences. 2021. 1

[10] Gunnar Carlsson. Topology and data. Bulletin of the Ameri-
can Mathematical Society, 46(2):255–308, 2009. 3

[11] Gunnar Carlsson and Rickard Brüel Gabrielsson. Topolog-
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Bravo, and Soheil Feizi. Benchmarking deep learning in-
terpretability in time series predictions. Advances in Neural
Information Processing Systems, 2020-Decem(NeurIPS):1–
12, 2020. 3

[29] Taewoo Kim, Minsu Jeon, Changha Lee, Junsoo Kim, Geon-
woo Ko, Joo-Young Kim, and Chan-Hyun Youn. Federated
onboard-ground station computing with weakly supervised
cascading pyramid attention network for satellite image anal-
ysis. IEEE access : practical innovations, open solutions,
10:117315–117333, 2022. 4

[30] Carolin Leluschko and Christoph Tholen. Goals and Stake-
holder Involvement in XAI for Remote Sensing: A Struc-
tured Literature Review. In Artificial Intelligence XL, pages
519–525, Cham, 2023. Springer Nature Switzerland. 1

[31] Peng Li, Cunqian Feng, Xiaowei Hu, and Zixiang Tang.
SAR-BagNet: An Ante-hoc Interpretable Recognition
Model Based on Deep Network for SAR Image. Remote
Sensing, 14(9):2150, 2022. 4

[32] Peng Li, Xiaowei Hu, Cunqian Feng, Xiaozhen Shi, Yiduo
Guo, and Weike Feng. SAR-AD-BagNet: An Interpretable
Model for SAR Image Recognition based on Adversarial De-

fense. IEEE Geoscience and Remote Sensing Letters, pages
1–1, 2022. 4

[33] Thomas Lillesand, Ralph W Kiefer, and Jonathan Chipman.
Remote sensing and image interpretation. John Wiley &
Sons, 2015. 1

[34] Zachary C Lipton. The mythos of model interpretability:
In machine learning, the concept of interpretability is both
important and slippery. Queue, 16(3):31–57, 2018. 4

[35] Ze Liu, Jia Ning, Yue Cao, Yixuan Wei, Zheng Zhang,
Stephen Lin, and Han Hu. Video Swin Transformer. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pages 3202–3211, 2022. 4

[36] Scott M Lundberg and Su-In Lee. A Unified Approach to
Interpreting Model Predictions. 30, 2017. 2

[37] Nana Luo, Zhou Zang, Chuan Yin, Mingyuan Liu, Yize
Jiang, Chen Zuo, Wenji Zhao, Wenzhong Shi, and Xing Yan.
Explainable and spatial dependence deep learning model for
satellite-based O3 monitoring in China. Atmospheric Envi-
ronment, page 119370, 2022. 3

[38] Lei Ma, Yu Liu, Xueliang Zhang, Yuanxin Ye, Gaofei Yin,
and Brian Alan Johnson. Deep learning in remote sensing
applications: A meta-analysis and review. ISPRS journal of
photogrammetry and remote sensing, 152:166–177, 2019. 1

[39] Paolo Maranzano, Philipp Otto, and Alessandro Fassò.
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Supplementary Material

1. EO tasks grouping
We have categorized related EO tasks into groups to pro-
vide a better overview. Here we provide a glossary of these
groups and the tasks they include.

Agricultural Monitoring: All crop-related tasks, like crop
yield prediction, crop type classification, irrigation
scheme classification, and crop lodging detection.

Atmosphere Monitoring: The prediction of atmospheric
phenomena, like air quality, aerosol optical depth, and
dust storm indices.

Building Mapping: All tasks related to buildings and ur-
ban structures, like building footprint classification and
building damage mapping.

Ecosystem Interactions: All interactions of the ecosystem
with other systems, e.g., the atmosphere and the hydro-
sphere. This includes the ecosystem CO2 exchange or
the sun-induced fluorescence prediction.

Human Environment Interaction: The monitoring of hu-
man structures and the environment, like human foot-
print estimation, socioeconomic status estimation, or
well-being prediction.

Hydrology Monitoring: Tasks related to hydrology, like
runoff forecasting, water quality, streamflow predic-
tion, and water segmentation, but excluding floods.

Landcover Mapping: The most common EO task in-
cludes mainly landcover classification but also related
tasks like slum mapping.

Natural Hazard Monitoring: Monitoring of natural haz-
ards, like landslides, wildfires, floods, earthquakes,
and volcanos.

Soil Monitoring: Monitoring soil properties, like soil tex-
ture, respiration, moisture, and salinity.

Surface Temperature Prediction: The prediction of the
Earth’s surface temperature.

Target Mapping: Tasks related to the mapping of specific
targets, like vehicles and objects.

Vegetation Monitoring: Monitoring of vegetation, ex-
cluding crops, like vegetation regeneration, tree moni-
toring, tree classification, and tree mapping.

Weather and Climate Prediction: Forecasting of weather
and climate variables, like precipitation, temperature,
and drought.

Other: All the tasks which did not fit into the other groups.
This includes change detection, urban mobility, sea ice
classification, mosquito modeling, and satellite prod-
uct quality tasks.
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