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ABSTRACT
Although multiple summary reviews of deep learning in remote 
sensing have been conducted, the field currently lacks a comprehen
sive analysis of deep learning utilizing Landsat observations in single 
time pixel-based classification, both qualitatively and quantitatively. 
This study addresses this gap by conducting a systematic review 
based on 352 case studies extracted from 279 peer-reviewed articles 
that supported direct comparisons across deep learning and tradi
tional classifiers. Qualitatively, our findings are as follows: (i) Two 
dimensional Convolutional Neural Networks (CNNs) remain the 
dominant methods; however, exploring other architectures is 
becoming a growing trend. (ii) Most studies focused on single coun
tries (e.g., China, USA, and India) and the last decade, (iii) Sentinel-2 
are the most commonly fused sensors, and vegetation indices are the 
most commonly used spectral indices. The quantitative meta-analy
sis revealed that Deep Neural Networks (DNNs) offer an approximate 
5% improvement for non-DNN accuracy of 80%, with potentially 
higher improvements for more challenging tasks. By contrasting 
between popular DNN methods, UNets achieve higher overall accu
racy (OA) than CNNs (approximately 10% UNet improvement when 
CNN OA is at 80%). However, UNets are more challenging to imple
ment because they require labels for large contiguous reference 
patches, while CNNs, at least at 30m Landsat pixel, pose lower spatial 
requirements. In another comparison, Transformers achieve higher 
OA than CNNs (approximately 5% Transformer improvement when 
CNN OA is at 80%), although the accuracy improvements are smaller 
compared to the increases associated with UNet benefits. With 
greater flexibility and more standardized architecture, Transformers 
can potentially simplify the design process of models. However, 
Transformers also face challenges having higher computational 
resource and memory requirements. Increasing availability of refer
ence datasets, further algorithmic developments in the machine 
learning field, and improvements in cloud-based computing power 
and data storage, could increase the utility of deep learning methods 
on Landsat observations.
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1. Introduction

In recent years, deep learning has outperformed traditional machine learning methods 
making a significant impact in various applications, including image/object classification 
(Krizhevsky, Sutskever, and Hinton 2012; Liu, Deng, and Yang 2019), semantic segmenta
tion (Chen et al. 2017; Long, Shelhamer, and Darrell 2015), natural language processing 
(Collobert and Weston 2008; Sutskever, Vinyals, and Le 2014), and speech recognition 
(Deng and Yu 2014; Zhang et al. 2018). Deep neural networks are characterized by their 
depth, typically containing multiple hidden layers and several nodes. Although traditional 
machine learning (ML) methods have been widely used in remote sensing, they face 
several limitations compared to deep learning methods. ML methods often struggle with 
high-dimensional data due to the ‘curse of dimensionality’ (Li et al. 2019); Manual feature 
engineering of ML methods is time-consuming and may fail to capture complex spatial- 
spectral patterns (Cheng, Han, and Lu 2017); ML methods are also sensitive to noise and 
variations, reducing their robustness across diverse conditions (Boonprong et al. 2018); 
and ML methods lack the capacity to effectively detect and segment complex objects in 
heterogeneous environments due to their shallow learning structure (Zhang et al. 2023). 
Compared to traditional machine learning methods, deep learning methods can auto
matically extract abstract and composite features and deep learning algorithms can also 
be scaled to handle large datasets and complex problems by leveraging powerful 
Graphical Processing Units (GPUs) and Tensor Processing Units (TPUs). With increasing 
reference dataset sizes and types along with advances in algorithms and computing 
capabilities, efficiencies and capabilities of deep learning have increased. Recently, fast- 
growing deep learning has received substantial attention from remote sensing research
ers, and it has been adopted in numerous tasks such as image pre-processing, classifica
tion, and target recognition (Gu, Wang, and Li 2019; Zhu et al. 2017). For example, 
Mountrakis and Heydari (2023) investigated the benefits of using deep learning for land 
cover land use classification compared with a traditional classifier of random forest (RF). 
Makantasis et al. (2015) trained a convolutional neural network (CNN) to extract spectral 
and spatial features for hyperspectral image classification. Cui et al. (2015) applied a deep 
belief network (DBN) to synthetic aperture radar (SAR) automatic target recognition with 
stacked Restricted Boltzmann Machines (RBM).

Since 1972, Landsat observations have been the ‘workhorse’ of remote sensing. The 
continuous Landsat archive (U.S. Geological Survey 2024) provides vital global land 
change information that is not otherwise available. Landsat observations provide 
a consistent, long-term archive, making it essential for historical LULC change analysis. 
In addition to its temporal depth, Landsat offers stable radiometric calibration and global 
coverage, supporting consistent, large-scale monitoring. Although Sentinel-2 data is also 
widely used due to its higher spatial and temporal resolution, the shorter temporal span 
(since 2015) limits its applicability for long-term analysis. In the last five decades, the 
continuous Landsat archive has supported various applications, such as environmental 
change monitoring, land use tracking, and forest management (Hansen and Loveland  
2012; Woodcock et al. 2001). Recent studies have further demonstrated the utility of 
Landsat data in large-scale environmental applications. For example, Abdali et al. (2023) 
employed an ensemble of machine learning models within the Google Earth Engine (GEE) 
framework to classify crop types using multi-temporal Sentinel-1/2 and Landsat-8/9 
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imagery. Similarly, Zubkova et al. (2024) leveraged long-term Landsat data to analyse 
changes in fire regimes within protected areas in South Africa. Researchers have also 
applied deep learning methods to the Landsat archive. For example, Mohajerani and 
Saeedi (2019) proposed an end-to-end deep learning algorithm using Landsat 8 images 
for cloud detection. Mountrakis and Shah Heydari (2021) used deep neural networks with 
Landsat time series observations for continental U.S. land cover mapping. The number of 
studies using deep learning with Landsat observations is increasing, and a systematic 
approach to reviewing these studies systemically could help identify existing patterns and 
uses and to facilitate future research and applications.

Land use and land cover (LULC) mapping is essential for understanding environmental 
change, urbanization, and resource management. Recent studies have highlighted the 
diverse applications and implications of LULC analysis. For example, studies have shown 
that LULC changes, such as deforestation and agricultural expansion, have markedly 
altered hydrological processes in Ethiopia, including increased surface runoff and reduced 
infiltration (Birhanu et al. 2019; Tesfaw, Dzwairo, and Sahlu 2023). Likewise, urban-driven 
LULC changes have been linked to rising land surface temperatures (LST) in Bangladesh, 
intensifying urban heat island effects and posing challenges for climate resilience (Akter, 
Gazi, and Mia 2021; Saha et al. 2024). The increasing availability of earth observation data, 
such as Landsat, has further enabled large-scale and long-term LULC mapping, support
ing sustainable planning and policy.

In recent years, several studies have reviewed deep learning in LULC classification 
using remote-sensing imagery. For instance, Kussul et al. (2017) focused on the 
classification of land cover and crop types using deep learning methods, while 
Alem and Kumar (2020) examined land cover and land use classification in remote 
sensing. Digra, Dhir, and Sharma (2022) provided a comprehensive review of deep 
learning-based land use and land cover classification in remote sensing. In addition 
to these reviews, numerous reviews have been conducted examining deep learning 
in remote sensing with several studies including but not explicitly focusing on 
Landsat observations. Some reviews surveyed both traditional machine learning 
and deep learning methods. Sun and Scanlon (2019) reviewed both methods in 
environmental and water management; Ouhami et al. (2021) summarized various 
data sources and fusion techniques for plant disease detection; Shirmard et al. (2022) 
reviewed different data sources in mineral applications. Other reviews focused on 
deep learning methods using a variety of remote sensing observations. For example, 
in classification tasks, Vali, Comai, and Matteucci (2020) explored deep learning 
approaches for land use and land cover classification, and Gu, Wang, and Li (2019) 
reviewed deep learning methods applied on scene classification and object detec
tion. Neupane, Horanont, and Aryal (2021) reviewed deep learning methods for 
urban semantic segmentation. In image enhancement, Tsagkatakis et al. (2019) 
investigated typical deep learning neural network (DNN) architectures, and Wang, 
Bayram, and Sertel (2022) tested deep learning methods for single image super- 
resolution tasks based on a multi-sensor dataset. In general applications, Zhu et al. 
(2017) reviewed common deep learning networks with applications in remote sen
sing, and Ball, Anderson, and Chan (2017) reviewed different architectures, tasks and 
challenges of deep learning in remote sensing. Shi et al. (2020) summarized artificial 
intelligence-based change detection networks in urban studies, natural disasters, and 
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astronomy, and Shafique et al. (2022) reviewed deep learning methods for change 
detection. Finally, Darwin et al. (2021) surveyed deep learning models in crop yield 
studies for smart farming.

In some aforementioned reviews, some mentioned Landsat with other remote 
sensing sensors (i.e. MODIS, SAR, Lidar, UAV) when descripting datasets or data 
sources (Darwin et al. 2021; Gu, Wang, and Li 2019; Vali, Comai, and Matteucci  
2020; Zhu et al. 2017); some reviews included studies using Landsat data, but with 
traditional machine learning methods (Ouhami et al. 2021; Shirmard et al. 2022; 
A. Y. Sun and Scanlon 2019). The rest of the reviews included only a limited 
number of deep learning studies using Landsat observations. For example, Shi 
et al. (2020) mentioned two studies using deep learning with Landsat for forest 
change detection. Tsagkatakis et al. (2019) discussed a study with a CNN method 
using Landsat 7 data (U.S. Geological Survey 2024) for pan-sharpening and another 
study with DNN to fuse Landsat and MODIS data (NASA 2024). In addition, some of 
these reviews provided related summary tables. Neupane, Horanont, and Aryal 
(2021) included one related study for urban LULC with patch size, method, and 
metric. Wang, Bayram, and Sertel (2022) have one study with method and accuracy 
information for single image super resolution. In Ball, Anderson, and Chan (2017), 
four related studies were covered with sensors, data types, methods, and tasks. 
However, none of the reviews comprehensively and extensively surveyed studies of 
deep learning using Landsat observations in single-time pixel-based classification 
tasks. While semantic segmentation approaches have recently gained ground, 
pixel-based classifications remain prevalent due to the medium spatial resolution 
of Landsat observations at the approximately 30 m cell size. More importantly, 
there is currently no comprehensive meta-analysis that quantitatively compares 
deep learning methods.

This review makes several unique contributions. Our work provides the first compre
hensive and extensive survey of deep learning specifically using Landsat data for single- 
time pixel-based classification tasks. Moreover, this review goes beyond qualitative 
analysis by conducting a meta-analysis to quantitatively compare the accuracies of 
deep learning methods to correctly classify land use and land cover. By evaluating the 
accuracy of recent deep learning architectures, such as Transformers, this study could 
help guide future research and development in this rapidly evolving field. Here, our 
objective was to address the following research questions in the context of deep learning 
using Landsat observations:

● What are the qualitative characteristics of related case studies including time span, 
study area, input/output data characteristics, methods, and classes of interest?

● Do deep learning methods provide increased accuracy when compared to tradi
tional classifiers and if so, can these be quantified?

● Can incorporating more recent deep learning developments such as Transformer 
increase accuracies of land cover estimates compared to traditional DNN methods 
such as CNNs?
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2. Methods

2.1. Peer-reviewed article selection

Peer-reviewed article selection Peer-reviewed article identification used the Scopus 
database (Elsevier 2024), which provides comprehensive citations and abstracts of 
peer-reviewed literature in various science fields including remote sensing. The 
Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 
method was implemented for peer-reviewed article selection (Moher et al. 2009). 
The peer-reviewed article search included peer-reviewed articles published up to 
July 2024. To ensure a comprehensive search, numerous deep learning architec
tures were also included in the detailed search criteria applied on Scopus: 
(‘Landsat’ AND (‘deep learning’ OR ‘deep neural network’ OR ‘convolutional neural 
network’ OR ‘recurrent neural network’ OR ‘long short-term memory network’ OR 
‘generative adversarial network’ OR ‘autoencoder network’ OR ‘fully convolutional 
network’ OR ‘restricted boltzmann machine’ OR ‘deep belief network’ OR ‘multilayer 
perceptron’)). Initially, a total of 805 documents were returned. These peer- 
reviewed articles were manually scanned to remove unsuitable articles using the 
following rules:

● Publications not in English as automated translation would not provide sufficient 
confidence to understand the particularities of each non-English scientific article for 
proper inclusion.

● Publications not in the remote sensing field.
● Publications that did not include Landsat data.
● Publications that used Landsat data but did not incorporate deep learning methods.
● Publications that used Landsat data but did not focus on single-pixel classification 

tasks.

The detailed selection steps are provided in Figure 1. At the end of the selection process, 
279 peer-reviewed articles were identified and analysed, comprising 261 comparison peer- 
reviewed articles (having deep neural networks (DNNs) that are contrasted to other DNN 
and traditional classifiers). It is important to emphasize that to facilitate proper comparisons 
between DNN and non-DNN methods we only included studies here that have tested 
various methods on the exact same dataset. Each of these peer-reviewed articles was 
manually examined, and relevant metrics were extracted. A database with 27 fields was 
constructed to assist with our meta-analysis. In addition to general peer-reviewed article 
information such as title, authorship and journal, the database included Landsat bands 
used for input, spectral indexes, deep learning methods, and number of model parameters. 
Fields capturing accuracy metrics such as overall accuracy (OA), F1 score (F1), user accuracy 
(UA) and producer accuracy (PA) were also included to support quantitative analysis of 
deep learning accuracy performance. A single peer-reviewed article could yield multiple 
comparison entries in our database for each study area, which led to 352 case studies from 
279 selected peer-reviewed articles. Furthermore, a single-case study could lead to multiple 
database entries, each representing a single direct DNN vs. traditional classifier or DNN 
comparison. At the end, 925 such comparison entries were extracted. Also, because not all 
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papers used the same accuracy metrics, we selected metrics frequently used by most 
studies (OA) for subsequent quantitative analysis.

2.2. Quantitative accuracy analysis

In addition to descriptive statistics, we conducted a quantitative analysis comparing DNN 
with non-DNN methods. The DNN methods were grouped into CNN, UNet, CNN + RNN, 
and Other. The CNN category encompasses both CNN architectures featuring convolu
tional layers, pooling layers, and fully connected layers, and widely used pretrained 
models like the Residual neural network (ResNet), the Visual Geometry Group neural 
network (VGGNet), and the DeeplabV3+ network. UNet is distinguished from the broader 
CNN category due to its frequent application. CNN + RNN models combine spatial and 
temporal features in their architecture, with a particular focus on CNN and Long Short- 
Term Memory (LSTM) networks. The Other category contains the remaining methods, for 
example, Transformers, Deep Belief Networks (DBN) and Stacked Autoencoder (SAE)/ 

Figure 1. The Preferred Reporting Items for Systematic reviews and Meta-Analyses (PRISMA) flow 
diagram for systematic review of deep learning using Landsat in remote sensing.
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Autoencoder (AE). (The introductory peer-reviewed articles for the described methods are 
listed in Appendix C).

Here, we focus on the Single-Time Pixel-Based Classification task, meaning labelling of 
individual pixels at a given time, producing outputs at that time regardless of the input 
temporal depth. This includes land cover classifications and binary classifications such as 
cloud detection, water/ice/glacier detection. We could not conduct further analysis on 
different classifications distribution (e.g. land cover classification vs. binary classifications) 
because there were not enough samples based on high-quality validation datasets to 
support such analysis (refer to section 3.2). The input and output spatial characteristics 
were also included in accuracy comparison. Three distinct categories are identified: pixel 
input, pixel output (pixel in, pixel out); patch input patch output (patch in, patch out); and 
patch input, pixel output (patch in, pixel out). Here, the pixel assumes a lack of neighbour
ing information as input and individual pixel estimation as output. The patch refers to 
inclusion of neighbouring pixels as input and concurrent estimation of multiple neigh
bouring pixels as output. An additional dimension of comparison included the temporal 
dimension of inputs: multi-temporal input and mono-temporal input, depending on 
whether single or multiple time inputs were incorporated.

3. Results and discussion

3.1. Descriptive analysis

3.1.1. General content summarization via scientometric mapping
To organize peer-reviewed articles in thematic areas and identify possible connections, 
a scientometric mapping of the keywords cooccurrence network based on titles and 
abstracts was created using the VOSviewer software tool (Figure 2). Circle size represents 
frequency of occurrence, and lines thickness corresponds to connection strength. Some 

Figure 2. Scientometric mapping using titles and abstracts of papers with deep learning using Landsat 
data in single-time pixel-based classification. GEE refers to Google Earth Engine, and veg refers to 
vegetation.
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terms, such as the frequent measurement metrics, classification accuracy (i.e. overall 
accuracy (OA), F1 score, and study area are excluded in the mapping for clarity purpose. 
In our analysis, semantic segmentation is seen as a special case of classification. Semantic 
segmentation involves dense, spatially coherent labelling of all pixels, often emphasizing 
object boundaries, whereas classification may assign labels per pixel without considering 
spatial context. Semantic segmentation proximity to Glacier Lake indicates a high inter
action. Keywords of ‘LULC’ (land use land cover), ‘Land use’ and keyword of ‘Land cover’ 
indicate that there are many land use land cover classifications. Forest/Fire/Vegetation 
(Veg), Glacier/Glacial Lake, and Cloud/Cloud Detection/Thin Cloud/Cloud Shadow are 
closely grouped, as expected. These applications, in addition to water, are main applica
tions based on classification tasks in the reviewed peer-reviewed articles. Keyword of 
‘Time series’ being close to ‘Land cover classification’ is showing many applications make 
use of the long temporal coverage of Landsat data. Patch input is highly connected to 
cloud detection, while pixel input is relatively in the centre of all applications. This 
suggests that more applications use pixel inputs/outputs than patch inputs/outputs.

For the methods or models used in the studies for these applications, Convolutional 
Neural Network (CNN), UNet, and transformer are popular deep learning architectures. 
Random forest (RF) and support vector machine (SVM) are the main traditional machine 
learning methods compared with deep learning methods. The frequent occurrences of 
CNNs and UNets are due to their support for image classification, especially for pixel- 
based classification. Transformer, compared to CNNs, is a recent method achieving state- 
of-the-art results on various image classification tasks, by utilizing self-attention mechan
isms to effectively capture long-range dependencies effectively. A full list of key citations 
for each identified DNN method is provided in Appendix C.

3.1.2. Peer-reviewed article publication frequency over time
The distribution of peer-reviewed articles across time and deep learning methods is 
presented in Figure 3. The exponential increase of DNN methods using Landsat data in 
the last five years before 2022 is depicted. The lower number of publications in year 2023 
is surprising; however, the number of 2024 publications shown in Figure 3 is only tallied 
until July, indicating that the total for the entire year 2024 will likely be higher than the 
total for 2023 and comparable to the total for 2022. Looking at DNN methods, four 
categories are examined. Beyond CNN, UNet and transformer, the CNN + RNN method 
category contains peer-reviewed articles with CNN and RNN, especially CNN and LSTM 
methods. The Other method category includes DNNs such as DBN and MLP. The early 
prevalence of CNN methods is clearly shown in Figure 3. Although CNNs have continued 
to be the primary deep learning approach used in the last few years, their usage, while 
dominant, has not seen the relative increases of UNet and Other methods. This is 
expected as the field evolves to expand to state-of-the-art DNN methods, partially devel
oped in other fields (e.g. Transformers).

3.1.3. Geographic and temporal distribution of peer-reviewed article study areas
The temporal and spatial distribution of the included case studies is shown in 
Table 1. The table considered 11 five-year intervals in the past five decades, with 
values representing the number of case studies during each period. Of the 352 
case studies, 245 contained both temporal and spatial information and were 
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included. Global and continental studies are at the top rows. Most global studies 
were recent studies focusing on cloud detection, followed by water studies. This 
could be partially attributed to the availability of public global cloud reference 
datasets (e.g. SPARCS Cloud Dataset (Hughes and Kennedy 2019), 38-Cloud 
(Mohajerani, Krammer, and Saeedi 2018), 95-Cloud (Mohajerani and Saeedi 2021)) 
and the relative ease of water reference data creation compared to multi-class 
reference datasets.

Figure 4 shows a world map of case studies number in the 35 countries, among 
them, China, the U.S.A. and India are the most frequently studied countries. The 
prevalence of China and the U.S.A. can be attributed to their large size, strong 
scientific interest, and funding priorities (Hu 2020; X. Wang et al. 2012). Similarly, 
India also has large size, and diverse environmental and developmental needs 
supporting scientific research (Singh et al. 2024). Despite the long record of 
Landsat observations starting in the early 1970s, most studies concentrated on the 
last decade. An increase after the early 1980s could be attributed to Landsat 4 
launch that with the Thematic Mapper (U.S. Geological Survey 2024) offers consistent 
observations with later years. Another increase in the mid-2010s could be related to 
the availability of Landsat 8 data (after 2013) (U.S. Geological Survey 2024) and 
complementary datasets from Sentinel 1 and 2 (European Space Agency, 2024a,  
2024b) launched in 2014 and 2015, respectively. A peer-reviewed article reference 
list for each country is provided in Appendix A to support researchers interested in 
specific countries.

3.1.4. Additional case study characteristics
The 352 identified case studies are further summarized in Figure 4. First, the studies 
were organized depending on the input and output spatial types. The label patch 
refers to inclusion of neighbouring pixels as input and concurrent estimation of 

Figure 3. Landsat/deep neural networks (DNNs) peer-reviewed articles across time and methods. 
2024* represents data collected before July 2024.
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multiple neighbouring pixels as output. The label pixel assumes a lack of neighbouring 
information as input and individual pixel estimation as output. More than half of the 
studies fall in the patch in pixel out category (59%), followed by patch input patch out 
(28%) and pixel in pixel out (13%). Patch in pixel out strong presence is attributed to 
the prevalence of CNN methods for pixel-based classification. Patch in patch out 
becomes popular in certain CNN studies using up sampling techniques like UNet, 
fully convolutional networks (FCN) (Long, Shelhamer, and Darrell 2015), DeepLabV3+. 
Pixel in pixel out has fewer studies due to potential loss of valuable spatial 
information.

Table 1. The distribution of identified case studies (n = 245) across time and country.

Africa and Antarctica are continents, not countries. Continents were used because of the relative paucity of studies in 
these areas.
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The multi-temporal input (83%) has a considerably stronger presence compared to 
mono-temporal input studies (17%; Figure 5). All case studies targeted a single time 
classification output, but the temporal input length could vary. Most studies used multi- 
temporal input data because the high Landsat revisiting time allowed the studies to 
incorporate diverse and unique temporal features. Mono-temporal input studies are 
typically constrained to applications that cannot incorporate temporal information, 
such as cloud detection. Single country studies (94%) dominated the study area extent, 
followed by global (5%) and multi-country (1%).

Our meta-analysis indicated that supervised learning was the most common 
learning strategy (97%), which we expected based on how we filtered case studies 
for classification tasks. Conversely, unsupervised learning (2%) was used in a few 
applications like desert detection using generative adversarial networks (GAN) 
(Goodfellow et al. 2020). Other learning strategies labelled as hybrid (1%) of semi- 
supervised learning and self-supervised learning are currently used much less than 
supervised learning. Hybrid strategies reduced the labelling burden but often 
require more sophisticated models and training procedures. However, use of 
hybrid strategies may increase in the future.

When examining the incorporated spectral indices, the majority are designed for 
vegetation studies and include Normalized Difference Vegetation Index (NDVI, 43%), 

Figure 4. World map of case study counts by country. Note that map projection may distort area and 
distance.
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Normalized Difference Water Index (NDWI, 13%), Enhanced Vegetation Index (EVI, 9%), 
and Normalized Difference Snow Index (NDSI, 3%). We attribute the prevalence of NDVI to 
its simplicity, robustness, and diverse applications in vegetation and agriculture. 
Approximately three-quarters of case studies omit spectral indices because DNNs can 
extract features automatically from the spectral band data. However, proper indices can 
still help in highlighting specific known features, and reduce noise, and reducing 
overfitting.

The distribution of land cover/use class indicates that the multi-class has the highest 
proportion (37%), followed by agriculture (21%), vegetation (14%), and water (14%). Ice/ 
glacier, urban and bare/mining classes account for smaller proportions (6%, 5% and 3%, 
respectively). The prominent multi-class category is mainly attributed to land cover 
classifications. Although multi-class products were the most widely used (e.g. Dynamic 
World, ESA global products), they only compose about one-third of the research 
conducted.

3.1.5. Landsat fusion with additional observations/data
Sensors fused with Landsat data and the corresponding tasks are shown in Figure 6. 
Fusion refers to the process of integrating data from multiple sources, sensors, or 
modalities to create a more comprehensive and enhanced representation or understand
ing of the observed phenomenon or area of interest. Fusion can be defined at various 
levels, including multiscale analysis, pixel, feature, decision, model, and hybrid. The pixel 
level fusion, which directly combines pixel values from multiple sensors or sources, was 
the most common fusion process in the reviewed peer-reviewed articles. Sentinel-2 is 
frequently fused with Landsat due to its data availability, spatial and temporal resolution 
similarity, and ease of processing. Sentinel-2 has a relatively high spatial resolution (10 m) 
and is suitable for various tasks because of several ongoing harmonization (Claverie et al.  
2018) efforts with Landsat observations it is suitable for various tasks. The high spatial 
resolution optical satellites are also fused with Landsat due to their high spatial resolution 
(~1 m) (Li et al. 2020). Sentinel-1 is the primary radar sensor fused with Landsat 

Figure 5. Additional characteristics of case studies (n = 352).
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complementing optical observations with the unique radar characteristics such as all- 
weather imaging and penetration abilities (Carrasco et al. 2019). The high cost of Lidar and 
other radar, complex processing, and limited coverage restrict their fusion with Landsat 
(Raj et al. 2020). MODIS has a low spatial resolution (250 m-1 km), but it has a high 
temporal resolution and free long-term global coverage since 1999 (Justice et al. 2002). 
Finally, digital elevation model (DEM) data are often used together with Landsat to 
improve classification accuracy by providing additional topographic features such as 
elevation, slope, aspect and terrain roughness (Eiumnoh and Shrestha 2000).

3.1.6. Distribution of DNN methodologies
The distribution of methods for the single-time pixel-based classification is shown in 
Figure 7. CNN methods are widely used with various architectures such as Fully 
Convolutional Networks (FCN) and DeepLabV3+. FCN (Long, Shelhamer, and Darrell  
2015) is commonly used in pixel-based classification due to its dense pixel predictions, 
efficient feature extraction and adaptability. DeepLabV3+ (Chen et al. 2018) is a state-of- 
the-art semantic segmentation model that extends DeepLabV3 by improving object 
boundary localization and detailed feature recovery. UNet is often paired with CNN due 
to its effectiveness in classification, particularly for small datasets, with efficient feature 
extraction, reduced overfitting and adaptability (Yuan, Shi, and Gu 2021). Transformers 
have recently demonstrated significant advantages in remote sensing tasks due to their 
ability to model long-range dependencies and capture global contextual information 
(Dosovitskiy 2020; Liu et al. 2021). Unlike CNNs, operating with fixed receptive fields, 
transformers leverage self-attention mechanisms to dynamically weigh the importance of 
all elements in the input, enabling a more flexible and comprehensive feature representa
tion (Vaswani 2017). This is particularly beneficial for remote sensing imagery, where 
spatial patterns and relationships can span large areas. Also, transformers can better 
handle heterogeneous landscapes, complex object boundaries, and irregular shapes 

Figure 6. Number of case studies fusing Landsat with other sensors/data. High res optical refers to 
high resolution optical satellites (e.g. WorldView (Vidal 2008), RapidEye (Tyc et al. 2005) and Gaofen 
(Chen et al. 2022)). Lidar includes both spaceborne and airborne sensors (Wandinger 2005). Other 
radar consists of envisat (Louet and Bruzzi 1999), ALOS-1 (Iwata et al. 2007) and ALOS-2 (Kankaku, 
Suzuki, and Osawa 2013).
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common in LULC classification (Guo et al. 2022; Niu, Zhong, and Yu 2021) CNN with RNN, 
especially CNN and LSTM, are less widely used, possibly because of the complexity of 
model design and data processing for long time series.

3.2. Quantitative analysis

3.2.1. DNN accuracy improvements compared to non-DNN methods
To answer the question whether DNN methods outperform non-DNN methods, Figure 8 
depicts the overall accuracy (OA) of DNNs compared to non-DNN methods across the 
multi-class category and three prevalent binary classifications for agriculture, vegetation, 
and water. The extracted accuracies refer to independent validation datasets; no training 
accuracies are included. Our analysis included only comparisons that were based on high- 
quality validation datasets that were either manually labelled by researchers involved in 
their study or sourced from publicly available validation datasets that have undergone 
rigorous verification processes. Case studies with validation datasets directly extracted 
from model derived LULC maps or created by automated algorithm processes were 
excluded. The trendlines are fitted using robust regression (Theil-Sen regression (Dang 
et al. 2008)) to limit the effect of outliers.

Figure 8 illustrates the accuracy improvements resulting from incorporating DNN 
methodologies into Landsat studies. Increases in accuracy improvements following incor
poration of DNN methodologies vary, reaching up to approximately 10% for non-DNN 
case studies with low starting OA. Using the trendline as a guide, accuracy would improve 
from 80% to 85% following incorporation of DNN methodologies (more details in appen
dix B). Although the statistical sample per class was not sufficiently large to extract 
quantify conclusions, accuracies seem to increase the most for the agricultural class 
following incorporation of DNN implementations than other methodologies. This 
increased accuracy could be attributed to the stronger spatial structure of the agricultural 

Figure 7. The distribution of methods and tasks of case studies.
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class, a structure that DNNs are better at capturing (Darwin et al. 2021). Alternatively, the 
increased accuracies for the agricultural class could also be the result from capturing 
distinct temporal transitions from crops that may not be as clearly present for the 
vegetation or other classes as all studies on the agricultural class incorporated temporal 
features.

3.2.2. DNN accuracy comparison between the UNet and CNN methods
The wide use of CNN and UNet methods facilitates direct comparisons of their 
accuracies across different classes. We concentrated on UNet methods from other 
semantic segmentation methods due to their popularity and their implementation 
in the 2023 Annual National Land Cover Database product in the United States. 
Figure 9 compares UNet and CNN within the multi-class category and four binary 
classes: water, agriculture, vegetation and urban. The CNN group includes the 
following methods: FCN (13), DeeplabV3+ (7), CNN (5), ResNet (1), SegNet 
(Badrinarayanan, Kendall, and Cipolla 2017) (3). More details are provided in 
appendix B. The extracted accuracies also refer to independent and high-quality 
validation datasets. Each sample represents an OA comparison between UNet and 
CNN within a study using identical input features; therefore, differences could be 
directly attributed to the usage of the two methods. Except for one outlier each in 
the multi-class and water classification task, the accuracies were consistently higher 
using UNet compared to CNN, as evidenced by the trendline. For example, for 
a CNN overall accuracy of 80%, the corresponding UNet accuracy is expected to be 
around 90%. Increases in accuracy incorporating UNet methodologies are more 

Figure 8. Comparison of DNN vs non-DNN classifications across land cover/use classes in single-time 
pixel-based classification. DNN includes CNN, UNet and transformer methods. Numbers in parentheses 
are supporting samples for each class. The black line represents the line of equality.
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evident in underperforming CNN case studies suggesting that the UNet could offer 
considerable benefits when needed the most. From an architectural perspective, 
increased accuracies associated with UNet could be attributed to skip connections, 
which directly concatenate feature maps from earlier layers with those from later 
layers in the network to leverage both high-level information from deeper layers 
and low-level spatial details from earlier layers. The UNet skip layers help capture 
both global and local context. In contrast, CNN extracts only local patterns through 
their receptive fields.

Figure 10 compares accuracies of UNet and CNN methods exclusively on cloud 
detection. The CNN group includes FCN (8), CNN (9), ResNet (2), DeeplabV3+ (2), 
SegNet (1), CloudNet++ (Mohajerani and Saeedi 2021) (2). More details are avail
able in appendix B. Using both methods, OAs were considerably higher for cloud 
detection than OAs for land cover/use case studies. Most OAs of UNet and CNN for 
cloud class exceed 90%, suggesting both models can classify clouds effectively. 
UNet offers a small accuracy benefit of approximately 2% for corresponding CNN 
OA of 90%.

Overall, Figures 9 and 10 indicate that UNet outperforms CNN in single-time pixel- 
based classification tasks. This superior performance can be attributed to UNet’s encoder – 
decoder architecture with skip connections, enabling better spatial localization and 
preserving fine-grained details. However, UNet requires labels for large patches (e.g. 
50 × 50 pixels), while CNNs, at least at our operating 30 m Landsat pixel, had lower spatial 
requirements (e.g. 7 × 7 pixels) and thus could support increased spatial independence of 
reference samples.

Figure 9. Overall accuracy of UNet vs CNN with class of interests and trendline. Numbers in 
parentheses are supporting samples for each class category. The black line represents the line of 
equality.
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Figure 11. Overall accuracy accuracies of transformer vs CNN methods. Numbers in parentheses are 
supporting samples. The black line represents the line of equality.

Figure 10. Overall accuracy of UNet vs CNN with cloud class and trendline. Number in parentheses is 
supporting samples for cloud category. The black line represents the line of equality.
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3.2.3. DNN accuracy comparison between the transformer and CNN methods
Transformers are recent machine learning methodologies that are being increasingly used 
in remote sensing tasks. Here, we compare Transformers to CNN methodologies to assess 
if Transformers produce higher accuracies than CNNs. Due to the lower number of case 
studies than the previous UNet vs CNN comparison, here the land cover/use case studies 
were grouped with the cloud studies. The extracted accuracies again refer to independent 
and reliable validation datasets. Each sample represents an OA comparison with identical 
input features used. The architecture of Transformers is based on the self-attention 
mechanism, which is different from convolution kernels or filters used by CNNs; therefore, 
CNNs need adaptations to process certain input data. For example, when using a CNN 
with pixel time series input data, 1DCNN should be used to handle the temporal features 
instead of the typical 2DCNN used for spatial relationships (Mohajerani and Saeedi 2021; 
H. K. Zhang, Luo, and Li 2024). Conversely, for image or patch inputs, 2DCNN should be 
utilized to process the spatial features. For Transformers, temporal features of pixel time 
series data can be integrated through positional encoding and multi-head attention 
layers. For image or patch input data, the vision transformer, an adaptation of traditional 
transformer with patching, linear projection, and positional encoding, should be utilized 
to process the spatial features of input data (J. Li and Wang 2024; Z. Liu et al. 2021; 
Panboonyuen et al. 2021). To compare the two DNN models fairly, Figure 11 includes only 
comparisons where the Transformer and CNN methods were evaluated under the same 
feature process abilities (i.e. 1DCNN and traditional transformer for pixel time series input 
data, 2DCNN and vision transformer for image or patch input data).

Figure 11 shows that Transformers produced higher OAs than CNNs in the single-time 
pixel-based classification task (85% OA compared to 80% OA for CNN, more details in 
appendix B). Transformers utilize self-attention mechanisms instead of using sequence 
aligned convolution to allow each part of the input to attend to every other part, which 
enables a global understanding, that captures long-range dependencies effectively (Guo 
et al. 2022; Niu, Zhong, and Yu 2021; Vaswani 2017). CNNs capture local patterns 
effectively using receptive fields but may not capture global understanding as effectively 
compared to transformers in global understanding (Dosovitskiy 2020; Maurício, 
Domingues, and Bernardino 2023; Raghu et al. 2021). Transformers have greater flexibility 
compared to fixed grid-like processing of CNNs by adjusting the number or size of patch 
tokens. With a more standardized architecture, Transformers have a lower need for task- 
specific architectural engineering and can potentially simplify the design process. 
Therefore, Transformers have the potential to be applied more widely to remote sensing 
tasks. However, Transformers also face challenges as they typically require more compu
tational resources and memory compared to CNNs, especially for large datasets, due to 
the quadratic complexity of the standard self-attention mechanism (Hua et al. 2022; Keles, 
Wijewardena, and Hegde 2023; Tang et al. 2022; Vaswani 2017).

4. Discussion

While this review provides a comprehensive overview of deep learning applications on 
Landsat observations, focusing on single-time pixel-based classification, several limita
tions should be acknowledged. The scope of quantitative analysis is limited to studies that 
primarily utilize CNNs, transformer-based models, and UNets, which may exclude other 
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relevant but less widely adopted techniques. Additionally, the review emphasizes peer- 
reviewed articles, potentially overlooking relevant findings from grey literature or non- 
English publications. Finally, the fast development of deep learning methods indicates 
that some recent advances may not be fully represented at the time of writing. For 
example, recent studies have demonstrated the strong potential of vision transformers 
(ViTs) in remote sensing image classification, especially for hyperspectral imagery, where 
they often outperform traditional CNN-based models. Roy et al. (2025) introduced 
SimPoolFormer, a vision transformer architecture incorporating a simplified pooling 
mechanism, achieving competitive accuracy while reducing computational costs com
pared to complex ViT models. Similarly, J. Liu et al. (2023) explored an ensemble learning 
strategy using multiple ViT models, showing that such combinations can further enhance 
classification performance in hyperspectral imaging tasks. These findings underscore the 
growing relevance of vision transformer approaches in advancing the remote sensing 
field.

Another inherent limitation of this review, as with any systematic literature search/ 
meta-analysis, is the potential presence of publication bias. Our review did not identify 
clear instances where non-DNN methods produced higher accuracies than DNN methods 
across the various tasks analysed; however, this may reflect a publication bias towards 
more novel or currently popular methodologies rather than a comprehensive assessment 
of the best tool for each task. Consequently, our review might disproportionally represent 
successful applications of DNNs, skewing the perceived effectiveness and applicability of 
the models. As such, we acknowledge that there are scenarios in which traditional ML 
algorithms might outperform DNNs. This is particularly true in contexts where training 
data are scarce for supervised learning problems and where domain-specific feature 
engineering plays a critical role in model performance. For example, R. Singh, Biswas, 
and Pal (2022) found that XGBoost models outperformed ResNet and complex CNNs for 
cloud masking of Sentinel 2 data when provided with hand-crafted features (89.86% F1 
for XGBoost compared to 89.75% for ResNet and 88.70% for CNN). Likewise, Jeong et al. 
(2022) reported that an RF regressor outperformed a DNN regressor for estimating the leaf 
area index (LAI) of paddy rice using MODIS and climate data in two rice growing areas of 
South Korea (0.45 mean RMSE for RF and 0.63 for DNN over four years).

Direct comparisons between different studies are not valid, as the classification tasks in 
one study may be easier than in another. Therefore, we only include studies that 
evaluated multiple methods on the same dataset, extracting and reporting their compar
isons accordingly. Although conducting separate analyses across different classification 
schemes is interesting, the limited number of case studies prevents us from drawing more 
specific conclusions beyond the classification scheme level reported by the original study 
authors. The limited number of case studies partially explains why we report both 
accuracies for DNN and non-DNN methods as a reference point, instead of simply report
ing DNN improvements compared to non-DNN accuracies (the difference value).

In assessing the methodologies used across the reviewed studies reviewed, we noted 
a varied degree of reporting of optimization processes, computational considerations, 
preprocessing steps, and consistent evaluation criteria. Optimization processes were 
more varied than others, and few studies provided clear and detailed information about 
optimization processes. For example, Boonpook et al. (2023) used optimal hyperpara
meters such as learning rate and momentum for each supervised learning model when 
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comparing different DNNs in land use and land cover classification. On the other hand, 
Lee et al. (2020) in land cover classification mentioned that RF and SVM were used in land 
cover classification without providing more information on the optimization process; for 
example, there is no information on the typical grid search for hyperparameter selection 
or testing of different learning rates for CNNs. L. Liu et al. (2022) compared RF, SVM, and 
DNN using predefined parameters without discussing optimization processes for pine 
mapping. More extensive sharing of optimization processes that match algorithmic 
choices could facilitate more nuanced and equitable comparisons of model performance 
because algorithmic choices can significantly affect the obtained results.

Relying solely on overall accuracies, our primary comparison metric, to assess classifi
cation model performance can be misleading, particularly in scenarios with imbalanced 
datasets or when the costs of different types of errors vary significantly. In the future, 
standardized reporting of a wide range of error metrics could facilitate more detailed 
comparisons and better decision making in the application of these technologies.

Furthermore, the field of remote sensing lacks standardized protocols in data collec
tion, labelling and class definitions and large, consistent reference datasets. Use of 
reference datasets helped improved accuracy in other fields (e.g. speech and face recog
nition) and could facilitate direct comparisons between efforts, in place of highly seg
mented, incompatible, and localized comparisons. Targeted funding opportunities and 
coordination of international partnerships could help facilitate the development of 
a baseline reference dataset at Landsat spatial resolution.

Looking into the future, Analysis Ready Data Cubes (ARDCs) are playing an 
increasingly vital role in advancing deep learning for large-scale earth observation 
by providing structured, standardized, and harmonized multi-dimensional data. 
These data cubes, which integrate spatial, temporal, and spectral information, 
address the persistent challenges of data preprocessing, format inconsistencies, 
and varying resolutions that have traditionally hindered efficient analysis (Ferreira 
et al. 2020). By organizing Earth observation data into a more accessible format, 
ARDCs enable deep learning models to better leverage the inherent spatiotemporal 
relationships within the data, leading to more accurate and robust results. Recent 
research illustrates the effectiveness of ARDCs in advancing deep learning applica
tions within remote sensing, such as large-scale crop mapping using diverse 
remote sensing sources (J. Sun et al. 2024), precise sea ice classification from 
a data cube using Landsat-8 imagery (Cáceres, Schwarz, and Aldenhoff 2022), 
and environmental monitoring for climate change mitigation (Temenos et al.  
2024). These examples highlight how ARDCs are facilitating a shift towards deep 
learning models that can generalize across time, handle large-scale operational 
systems, and fully exploit the complexity of earth observation data for environ
mental understanding and decision-making.

5. Conclusions

This study summarized and compared deep learning methods using Landsat observa
tions. A database was constructed for both qualitative and quantitative meta-analysis 
based on 352 case studies extracted from 279 peer-reviewed articles. The qualitative 
analysis showed that:
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● CNN is the dominant DNN method; however, other DNN methods have been 
increasing as the field evolves and responds to the latest DNN methods from other 
domains (e.g. Transformers).

● Most studies were conducted in single countries, with the top 3 being China, the U.S. 
A. and India. Despite the long record of Landsat observations, most studies concen
trated on the last decade.

● Vegetation indices, such as Normalized Difference Vegetation Index, are the most 
common spectral indices added as model inputs.

● Sentinel-2 was the most frequent sensor fused with Landsat.

The quantitative meta-analysis of the published works indicated that:

● An approximate 5% increase in accuracy using a DNN is expected compared to a non- 
DNN accuracy of 80%, with a potentially higher increase for more challenging tasks.

● UNets achieve higher OA than CNNs (approximately 10% increase in OA using UNet 
compared to an OA of 80% using a CNN).

● Transformers achieve a higher OA than CNNs (approximately 5% increase in OA 
using Transformer compared to an 80% OA using CNN), although the increases in OA 
are smaller compared to the increases in OA when using UNet.

There is considerable potential for moving classification to the cloud as a service 
via on-demand processing. This is supported by increased availability of reference 
data, further advancements in artificial intelligence, and cloud-based computing 
power becoming widely and inexpensively available. Establishing benchmark clas
sifiers along with a framework for researchers to contribute their own reference 
data while harvesting the power of deep learning via transfer learning could lead 
to reduced use of fragmented, site-specific approaches in the field of remote 
sensing.
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