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Abstract 

This study aimed to develop a highly accurate crop classification framework using multi-temporal Landsat 9 imagery and advanced 

deep learning architectures for the Tokachi Plain, a major agricultural region in Japan. Six time-series scenes, acquired between May 

2 and September 16, 2024, were used to classify six crop categories: beans, beetroot, grassland, maize, potato, and winter wheat. Three 

temporal models with attention mechanisms were evaluated: long short-term memory (LSTM), bidirectional gated recurrent unit (Bi-

GRU), and temporal convolutional network (TCN). Of the models tested, the TCN + Attention architecture achieved the highest overall 

accuracy (81.3%), significantly outperforming LSTM and Bi-GRU (p < 0.001). The Near-Infrared (NIR) band (Band 5) consistently 

exhibited the highest importance, highlighting its sensitivity to vegetation structure and chlorophyll content. Despite relying on only 

six optical scenes, the proposed model demonstrated robust performance comparable to or exceeding previous multi-sensor studies. 

These results underscore the potential of combining freely available Landsat 9 time-series data with attention-enhanced deep learning 

methods for efficient and scalable crop classification. The findings emphasize the important role of NIR reflectance during key growth 

stages and the effectiveness of TCN architectures in modeling temporal spectral variations for agricultural monitoring applications. 

1. Introduction

With the rapid growth of the global population and the increasing 

demand for agricultural productivity, accurate land cover and 

crop classification, as well as the identification of the spatial 

distribution of various crops, have become crucial for 

governments, policymakers, and farmers to improve agricultural 

decision-making (Gómez et al., 2016). The production of 

thematic maps—such as land use/land cover (LULC) and crop 

type maps—from remote sensing data represents one of the most 

important applications of remote sensing, because it provides 

periodic and scalable information for monitoring agricultural 

activities (Roy et al., 2014). 

Remote sensing has gained considerable attention in agriculture 

due to its ability to provide regional and temporal information for 

crop monitoring and thematic mapping (Kim et al., 2017; Kwak 

and Park, 2019). Numerous studies have focused on generating 

reliable thematic maps from remote sensing data (Tsuchiya, et al., 

2025). From a data availability perspective, multi-source 

datasets—including optical, synthetic aperture radar (SAR), and 

geographic information system data—have been used for 

classification tasks (Kim et al., 2017). Among these, the Landsat 

satellite series has been one of the most important sources of data 

for studying land cover changes such as deforestation, 

agricultural expansion, urbanization, and wetland loss (Zhu and 

Woodcock, 2014). The release of the Landsat archive as free and 

open data in 2008 greatly increased its use by removing access 

barriers and broadening research applications (Woodcock et al., 

2008; Wulder et al., 2008). Thanks to the “time machine” 

capability of the Landsat archive, it is now widely used for long-

term land cover and land use change assessments (Hansen and 

Loveland, 2012; Potapov et al., 2020; Wulder et al., 2016). 

Therefore, this study explores the potential of Landsat 9 data for 

crop classification. 

Machine learning techniques have become increasingly 

important in agriculture, especially for enhancing crop 

productivity and quality (Tariq et al., 2023). Among common 

supervised learning methods, random forest (RF) is 

advantageous in handling high-dimensional data and remains 

robust when data are incomplete or insufficient (Luo et al., 2023). 

Similarly, support vector machines (SVMs) are widely applied in 

remote sensing for LULC mapping and crop classification due to 

their strong theoretical foundation in statistical learning (Moumni 

and Lahrouni, 2021; Wang et al., 2019). However, both RF and 

SVM have limitations in modeling temporal dependencies, 

because they are not designed to work directly with time-series 

data (Ndikumana et al., 2018). 

Temporal features are vital for crop classification because crops 

exhibit unique spectral and structural patterns across different 

phenological stages (Qu et al., 2020). Deep learning has emerged 

as a powerful tool for extracting discriminative temporal features 

from dense optical time-series data, even when observations are 

missing (Zhao et al., 2021). Among deep learning approaches, 

recurrent neural networks (RNNs) are particularly suited for 

sequential data analysis (Filho et al., 2020; Mou, et al., 2018). 

However, RNNs can suffer from vanishing or exploding gradient 

problems when modeling long-term dependencies (Duan et al., 

2023). To overcome this issue, variants such as long short-term 

memory (LSTM) networks and bidirectional gated recurrent 

units (Bi-GRUs) have been developed (Deng et al., 2018). LSTM 

networks demonstrate superior ability to capture long-term 

temporal dependencies, supporting large-scale crop type 

mapping (Feng et al., 2023). Likewise, Bi-GRU networks 

efficiently capture contextual information by processing data in 

both forward and backward directions (Duan et al., 2023; Kim 

and Lee, 2017). 

Temporal convolutional networks (TCNs) have also emerged as 

a competitive alternative to RNNs. They use causal and dilated 

convolutions, ensuring the output at time t depends only on 

previous inputs, thereby preserving temporal causality (Liu et al., 

2024). Research has shown that TCNs can outperform traditional 

RNNs in various sequence modeling tasks (Bai et al., 2018). 

In this study, we conducted crop classification using three RNN-

based methods—LSTM, Bi-GRU, and TCN—on Landsat 9 data 

and evaluated their comparative performance. Additionally, we 

incorporated an attention mechanism that mimics human visual 

perception by focusing computational resources on the most 

informative regions of the input data (Larochelle and Hinton, 
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2010; Mnih et al., 2014; Xu et al., 2018). Previous studies have 

shown that combining attention mechanisms with RNNs 

improves crop classification accuracy (Tsuchiya and Sonobe, 

2025). Therefore, we applied attention-based models to further 

enhance classification performance in this study. 

 

2. Materials and Methods 

2.1 Study Area 

This study was conducted in the Tokachi Plain, located in 

southeastern Hokkaido, Japan, between 142°48′13″ and 

143°8′52″ E longitude and 42°43′47″ and 43°7′29″ N latitude 

(Figure 1). The region has a continental humid climate with warm 

summers and cold, snowy winters, an average annual temperature 

of approximately 6°C, and annual precipitation of about 920 mm. 

The fertile volcanic ash soil and well-developed irrigation 

systems make the Tokachi Plain one of Japan’s leading 

agricultural production regions. 

The area benefits from extended daylight hours during the 

growing season, allowing the cultivation of a wide range of crops. 

This study focused on the major crops typical of mixed farming 

in the Tokachi Plain, including soybeans, adzuki beans, kidney 

beans, maize, beetroot, potatoes, and forage grasses. Beans and 

maize are typically sown in mid-May, while beetroot and 

potatoes are planted between late April and early May. Perennial 

grasses and winter crops such as timothy, orchardgrass, and 

winter wheat are sown in the previous year. Harvest times differ 

by crop: beans are harvested from late September to early 

November, beetroot in November, potatoes from late August 

through September, and winter wheat from late July to early 

August. Forage grasses are harvested twice per year—once from 

late June to early July and again in late August—playing a vital 

role in supporting the region’s dairy and livestock industries. 

 

 
 

Figure 1. Location of the study area in Hokkaido, Japan. The 

enlarged map shows Landsat 9 imagery acquired on June 28, 

2024 (downloaded from EarthExplorer/United States Geological 

Survey, USGS), providing spatial details of the region. The crop 

map was generated from geographic information system vector 

data obtained from the Ministry of Agriculture, Forestry, and 

Fisheries (MAFF)’s open data portal. 

 

2.2 Reference Data 

Farmland boundary data were obtained from the Ministry of 

Agriculture, Forestry, and Fisheries (MAFF) open data portal 

(https://open.fude.maff.go.jp/) and used as reference information 

for this study. A total of 8,308 agricultural fields were analyzed 

using Landsat imagery, including 1,435 bean fields, 726 beetroot 

fields, 2,287 grasslands, 1,113 maize fields, 902 potato fields, 

and 1,845 winter wheat fields. The total area (in hectares) for 

each crop type is summarized in Table 1. The reference data 

represent crops cultivated between June and August 2024, and no 

crop rotation or land cover changes occurred during the Landsat 

9 data acquisition period. 

 

Table 1. Summary of agricultural fields analyzed in this study 

 
 

2.3 Satellite Data 

Since its launch in the 1970s, NASA’s Landsat program has 

become one of the most widely used satellite data sources for 

Earth surface mapping (Gómez et al., 2016; Masek et al., 2020; 

Roy et al., 2014). For this study, we used the latest dataset, 

Landsat 9, which was downloaded from the United States 

Geological Survey EarthExplorer platform 

(https://earthexplorer.usgs.gov/). 

Landsat 9 operates in a near-polar orbit at approximately 705 km 

altitude, with a 16-day revisit cycle and a 185 km swath width. It 

is equipped with two sensors: the Operational Land Imager-2 

(OLI-2) and the Thermal Infrared Sensor-2 (TIRS-2) (Table 2). 

OLI-2 includes the Coastal/Aerosol (Ultra Blue), Blue, Green, 

Red, Near-Infrared (NIR), Shortwave Infrared 1 (SWIR1), 

Shortwave Infrared 2 (SWIR2), Panchromatic, and Cirrus bands. 

The Cirrus band is mainly used for cloud detection and 

atmospheric correction, while TIRS-2 measures land surface 

temperature. 

For crop classification, we used the Coastal/Aerosol (Ultra Blue), 

Blue, Green, Red, NIR, SWIR1, and SWIR2 bands. Six cloud-

free Landsat 9 scenes (OLI-2), acquired between May 2 and 

September 16, 2024, were analyzed in this study (summarized in 

Table 3).  

 

Table 2. Spectral characteristics of Landsat 9 Operational Land 

Imager-2 (OLI-2)/Thermal Infrared Sensor-2 (TIRS-2) sensors 

(source: USGS)  

 
 

Table 3. Details of satellite data used in this study 

Area(ha)

Minimum Median Mean Maximum
Standard

Deviation

Beans 1,435 0.07 2.46 3.09 31.05 2.07

Beetroot 726 0.06 2.53 3.05 14.36 1.77

Grass 2,287 0.06 2.23 2.98 33.38 3.04

Maize 1,113 0.05 2.45 2.92 31.22 2.34

Potatoes 902 0.25 2.48 2.95 15.00 1.75

Wheat 1,845 0.10 2.64 2.89 19.78 2.00

Number

Fields

Satellite Sensor
Band

(Wavelength / µm)
Spectral region

Spatial resolution

 (m)

Landsat 9
OLI-2 /

TIRS-2
1 (0.43 - 0.45)

Ultra blue

 (coastal/aerosol)
30

2 (0.45 - 0.51) Blue 30

3 (0.53 - 0.59) Green 30

4 (0.64 - 0.67) Red 30

5 (0.85 - 0.88) NIR 30

6 (1.57 - 1.65) SWIR1 30

7 (2.11 - 2.29) SWIR2 30

8 (0.50 - 0.68) Panchromatic 15

9 (1.36 - 1.38) Cirrus 30

10 (10.60 - 11.19)
Thermal Infrared

 (TIR1)
100

11 (11.50 - 12.51)
Thermal Infrared

 (TIR2)
100
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2.4 Classification Model Structure 

Temporal prediction tasks require dynamic classifiers that can 

model sequential dependencies. Unlike feedforward neural 

networks, RNNs incorporate feedback connections, allowing the 

model to utilize information from previous time steps (Werbos, 

1990; Williams and Zipser, 1989). However, standard RNNs 

suffer from vanishing or exploding gradients when modeling 

long-term dependencies, typically beyond about ten time steps. 

The LSTM network overcomes this limitation by introducing a 

memory cell structure with three gates (input, forget, and output) 

that regulate information flow (Suebsombut et al., 2021; Yu et al., 

2019). The input gate controls when new information enters the 

cell, the forget gate decides which past information to retain, and 

the output gate determines how stored information is used for 

prediction. 

The Bi-GRU network enhances the traditional GRU by 

processing data in both forward and backward directions, thus 

capturing dependencies from past and future contexts (Amiri et 

al., 2024; Mao et al., 2021; Tsuchiya and Sonobe, 2025; Wang et 

al., 2022; Xu et al., 2022). Compared to LSTM, GRU models are 

more computationally efficient while maintaining comparable 

performance. This bidirectional design is particularly 

advantageous for time-series classification tasks such as crop 

type mapping, where both previous and subsequent spectral 

patterns can improve discrimination accuracy. 

TCNs represent another approach for sequence modeling, 

consisting of stacked one-dimensional convolutional layers with 

causal and dilated convolutions. The causality constraint ensures 

that each time step depends only on the current and previous 

inputs, thereby preserving temporal order (Yli-Heikkilä et al., 

2025). Following previous research (Luo, et al., 2023; Pelletier, 

et al., 2019; Tsuchiya, et al., 2025), we used 64 filters per 

convolutional layer, a kernel size of 3, residual connections, 

rectified linear unit activation, and dropout regularization. 

Because TCNs process data in parallel rather than sequentially, 

they achieve faster training and better scalability for large time-

series datasets such as multi-temporal satellite imagery. 

Because LSTM, Bi-GRU, and TCN models can effectively 

capture temporal dependencies and learn noise-resistant patterns 

directly from raw data, no time-series interpolation or smoothing 

was applied. Model performance was evaluated through cross-

validation, with hyperparameters tuned to minimize loss. Early 

stopping and regularization were implemented to prevent 

overfitting. 

 

2.5 Classification Process 

Figure 2 outlines the overall classification workflow. To 

emphasize spectral reflectance differences among crop types, 

polygon data were used instead of raster data. To reduce mixed-

pixel effects (caused by spectral blending near field boundaries), 

a 10-m inward buffer was applied to each field polygon. The 

buffered polygons were then used to extract mean reflectance 

values from Bands 1–7 for each field across all six Landsat 9 

scenes. 

To address class imbalance among crop types, we applied the 

synthetic minority oversampling technique (SMOTE). For each 

minority-class sample, nearest neighbors were identified, and 

synthetic samples were generated along line segments connecting 

the sample to its neighbors (Mukherjee and Khushi, 2021). 

Specifically, we used k-means SMOTE, which restricts synthetic 

sample generation to “safe” cluster regions, reducing the 

influence of noisy data (Zhu et al., 2023). 

A 10-fold cross-validation procedure was used for classification, 

maintaining equal proportions of all six classes within each fold. 

Ninety percent of the data were used for training, and 10% for 

testing. Within the training set, 20% were reserved for validation 

and hyperparameter tuning. 

All preprocessing and model training were performed using 

Google Colab. Classification performance was measured using 

overall accuracy (OA), kappa coefficient, producer’s accuracy 

(PA), user’s accuracy (UA), and F1 score. McNemar’s test was 

used to determine whether differences in performance between 

models were statistically significant. 

 

 
Figure 2. Workflow overview of the crop classification process. 

 

3. Results 

3.1 Temporal Changes in Digital Numbers 

The classification results for each model are shown in Figure 3. 

The temporal patterns of DNs obtained from Landsat 9 OLI-2 

effectively represent the crops’ phenological stages throughout 

the growing season. 

On May 2, most fields had not yet been sown or transplanted, so 

the DNs mainly represented surface conditions such as residual 

vegetation from the previous growing season and high soil 

moisture caused by snowmelt. As a result, inter-crop differences 

in DNs were minimal across all spectral bands during this period. 

As the growing season advanced toward July, DNs diverged 

noticeably among crop types, corresponding to differences in 

canopy development and biomass accumulation. Notably, Band 

5 (NIR) showed the greatest variation among crop species, 

consistent with its high sensitivity to vegetation structure and 

chlorophyll content. 

 

3.2 Crop Classification Accuracies 

The classification results from 10-fold cross-validation and 

McNemar’s test are summarized in Tables 4 and 5 respectively. 

Among the evaluated models—LSTM + Attention, Bi-GRU + 

Attention, and TCN + Attention—the TCN + Attention model 

achieved the highest OA of 81.3%. 

Statistical comparisons using McNemar’s test revealed 

significant differences (p < 0.001) between all model pairs: 

• LSTM + Attention vs. Bi-GRU + Attention 

• LSTM + Attention vs. TCN + Attention 

• Bi-GRU + Attention vs. TCN + Attention 

This indicates that the TCN + Attention architecture provided 

significantly better classification performance than the other two 

models. 

Acquisition DateTime Scene ID Instruments Sun Azimuth Sun Elevation

2024/5/2 LC91070302024123LGN00 OLI-2 144.6 58.1

2024/5/18 LC91070302024139LGN00 OLI-2 140.9 61.8

2024/6/12 LC91060302024164LGN00 OLI-2 135.2 64.4

2024/6/28 LC91060302024180LGN00 OLI-2 133.6 64.0

2024/7/5 LC91070302024187LGN00 OLI-2 133.7 65.4

2024/9/16 LC91060302024260LGN00 OLI-2 153.6 46.3
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Figure 3. Crop classification maps generated by LSTM + 

Attention, Bi-GRU + Attention, and TCN + Attention models. 

 

 

Table 4. Classification accuracies obtained using 10-fold cross-

validation. Underlined values show the highest score for each 

class and metric 

 
 

 

Table 5. Results of McNemar’s test. *** indicates statistical 

significance at the 0.1% level 

 
 

3.3 Importance of Each Variable 

The relative importance (attention weights) of Bands 1–7 across 

six observation dates was visualized as heatmaps to identify 

which spectral and temporal features contributed most to 

classification accuracy (Figure 4). 

Across all models, Bands 5–7—especially Band 5 (NIR)—

consistently showed the highest importance values, highlighting 

their significant role in distinguishing vegetation types. For the 

Bi-GRU + Attention and TCN + Attention models, data from 

May 18 (T2) onward—corresponding to early-to-mid growing 

stages—showed relatively higher importance. This suggests that 

discriminative spectral characteristics emerge after initial crop 

establishment, as canopy structure and leaf area begin to diverge 

among crop types. 

 

 
Figure 4. Temporal changes in the importance of each spectral 

band across six observation dates. 
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4. Discussion 

Several previous studies have combined optical, SAR, and radar 

data for crop type classification, typically achieving OAs around 

80%, depending on crop type, study area, and modeling approach. 

For instance, Ferrant et al. (2017) used an RF classifier with 

Sentinel-1 and Sentinel-2 data to map major crops, reporting an 

OA exceeding 80%. Similarly, Schultz et al. (2015) applied 

image segmentation and RF algorithms to classify crops in Brazil 

using Landsat 8 and RapidEye data, achieving approximately 

80% accuracy. 

In this study, we applied an attention-based TCN to classify six 

major crops in the Tokachi Plain, Hokkaido, achieving an OA of 

81.3%. Despite challenges in distinguishing crops with similar 

phenological patterns—such as beans and maize—and using only 

Landsat 9 optical data, our classification accuracy matches or 

exceeds that of previous multi-sensor studies. 

This strong performance can be attributed to three main factors: 

(1) the rich spectral information provided by Landsat 9’s seven 

bands; 

(2) the relatively large amount of available training data; and 

(3) the use of an advanced deep learning architecture capable of 

effectively capturing temporal dynamics. 

These results highlight the potential of combining freely 

available optical satellite time-series data with state-of-the-art 

deep learning techniques—particularly those incorporating 

attention mechanisms—to improve crop classification accuracy. 

Analysis of attention weights showed that Band 5 (NIR) was 

consistently the most influential feature across all models. 

Vegetation indices such as the enhanced vegetation index and 

normalized difference vegetation index, which rely on NIR 

reflectance, have been widely used in previous studies (Wardlow 

et al., 2007) and effectively capture seasonal vegetation dynamics. 

Although vegetation indices were not explicitly used here, the 

importance of the NIR band suggests similar patterns, confirming 

its strong association with crop phenology. 

For the TCN + Attention model, the importance of the NIR band 

increased notably from June to July, corresponding to the rapid 

growth phase of most crops. This suggests that the NIR band 

effectively captured differences in crop biophysical 

characteristics during key developmental stages, substantially 

enhancing classification performance. 

Among the three deep learning architectures evaluated, TCN 

consistently outperformed LSTM and Bi-GRU. This aligns with 

previous work (Tsuchiya and Sonobe, 2025) and is attributed to 

TCNs’ hierarchical dilated convolutional structure, which better 

captures long-term temporal dependencies. The use of dilated 

and causal convolutions allows TCNs to retain historical 

information efficiently while maintaining high computational 

speed (Zhang et al., 2025). Because optical time-series data 

inherently reflect seasonal variations in crop growth, the TCN 

structure provides a more efficient and accurate way to model 

these temporal patterns than recurrent models. 

Because optical satellite imagery is often affected by cloud cover, 

classification accuracy can vary depending on acquisition timing 

and image availability. Nevertheless, despite relying on only six 

cloud-free images in this study—and none from August, when 

morphological differences among crops are usually most 

pronounced—the TCN + Attention model still achieved an OA 

exceeding 80%. This demonstrates the robustness of the method 

and its potential for operational crop classification using freely 

available optical satellite data. 

According to Yin et al (Yin, et al., 2025)., the average annual 

probability of obtaining observation data over Asia from Landsat 

8, which has the same revisit period as Landsat 9, is 42.46% with 

a cloud coverage rate of 24% or less. During the period from May 

to September covered by this study, there were approximately 10 

possible acquisitions, and only six images were actually used, 

resulting in an image acquisition rate that exceeds the average for 

Asia. However, this study only used Landsat 9, and using Landsat 

8 in combination increases the opportunities for data acquisition, 

so it is expected to be used in other regions as well. Even so, 

caution is required when targeting regions such as Europe, where 

the probability of obtaining Landsat data is lower than in other 

regions (Yin, et al., 2025). 

In this study, a classification accuracy of over 80% was achieved 

even under conditions including small fields of approximately 

100 m². This result demonstrates the practical feasibility of crop 

classification using satellite images for small plots of land. 

Furthermore, in recent years, several optical satellites with higher 

spatial resolution than Landsat 9 have become available, and 

using these data may further improve classification accuracy. 

In terms of class-specific accuracies, grass exhibited the highest 

PA, UA, and F1 scores, likely due to its abundance in the study 

area and the model’s ability to effectively learn its distinct 

spectral-temporal features. Conversely, maize had the lowest PA, 

UA, and F1 scores. This is likely due to the relatively small 

number of maize fields and the spectral similarity of maize and 

potato time-series profiles, especially before mid-June, which 

probably led to higher misclassification rates. 

Although the k-means SMOTE method was applied to mitigate 

class imbalance, the models still performed best for grass and 

wheat, which had the largest sample sizes. To develop a more 

generalizable crop classification framework, it will be important 

to improve performance for minority crop classes. Future 

research should therefore focus on advanced data augmentation 

or sampling techniques to enhance model robustness under class 

imbalance. Furthermore, when applying this approach to 

different regions and years, using existing models as is may result 

in a decrease in accuracy, so it is desirable to retrain using 

training data collected in the target region. In this study's method, 

classified samples obtained through field survey data, 

administrative documents, and labeling using high-resolution 

images are essential for parameter learning. However, additional 

verification across multiple time periods and multiple regions is 

required to determine whether this study's approach can actually 

be generalized. 

Overall, the findings of this study underscore the effectiveness of 

Landsat 9’s seven-band time-series data for discriminating 

multiple crop species. With its global coverage, consistent revisit 

cycle, and rich spectral information, Landsat 9 remains a 

cornerstone platform for optical satellite-based agricultural 

monitoring. Moving forward, it will be essential to validate and 

harness data from both current and future Landsat missions to 

further enhance temporal crop classification capabilities. The 

temporal spectral dynamics captured by Landsat 9 offer valuable 

biophysical insights into crop growth, harvesting, and senescence, 

reinforcing its important role in supporting sustainable 

agricultural management. 

 

5. Conclusions 

In this study, we evaluated the classification performance of six 

major crops in the Tokachi Plain, Hokkaido, using time-series 

Landsat 9 data (Bands 1–7) acquired between May 2 and 

September 16, 2024. Three deep learning architectures—LSTM, 

Bi-GRU, and TCN—each incorporating an attention mechanism, 

were assessed for crop type classification. Among these, the TCN 

with attention achieved the highest OA of 81.3%, demonstrating 

superior capability in modeling temporal dependencies in 

multispectral satellite data. 

The analysis of attention weights showed that imagery acquired 

after May 18, marking the onset of active crop growth, provided 

the most discriminative spectral information in both the Bi-GRU 
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+ Attention and TCN + Attention models. In contrast, data from 

May 2 contributed less to classification accuracy due to minimal 

vegetative development at that time. 

Overall, the results demonstrate that integrating TCNs with 

attention mechanisms significantly improves crop classification 

accuracy using freely available Landsat time-series data. This 

approach has strong potential for operational agricultural 

monitoring and large-scale crop mapping in regions with similar 

climatic and cropping conditions. 
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