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Abstract: In the face of global population growth and climate change, the protection and rational
utilization of cropland are crucial for food security and ecological balance. However, the complex
topography and unique ecological environment of the Qinghai-Tibet Plateau results in a lack of high-
precision cropland monitoring data. Therefore, this paper constructs a high-quality cropland dataset
for the YarlungZangbo-Lhasa-Nyangqv River region of the Qinghai-Tibet Plateau and proposes an
MSC-ResUNet model for cropland extraction based on Landsat data. The dataset is annotated at
the pixel level, comprising 61 Landsat 8 images in 2023. The MSC-ResUNet model innovatively
combines multiscale features through residual connections and multiscale skip connections, effectively
capturing features ranging from low-level spatial details to high-level semantic information and
further enhances performance by incorporating depthwise separable convolutions as part of the
feature fusion process. Experimental results indicate that MSC-ResUNet achieves superior accuracy
compared to other models, with F1 scores of 0.826 and 0.856, and MCC values of 0.816 and 0.847,
in regional robustness and temporal transferability tests, respectively. Performance analysis across
different months and band combinations demonstrates that the model maintains high recognition
accuracy during both growing and non-growing seasons, despite the study area’s complex landforms
and diverse crops.

Keywords: cropland; Yarlungzangbo-Lhasa-Nyangqv River region; deep learning; multi-scale feature;
landsat data; training dataset

1. Introduction

In light of challenges like global population growth and climate change, the protection
and rational utilization of cropland have become pivotal to food security and ecological
balance [1]. Cropland serves as the foundation of agricultural production, maintains
biodiversity, and fosters economic growth in local communities [2]. Changes in cropland
area and quality reflect the interaction between natural conditions and human activities,
making it a key research area in environmental science and geography [3,4].

With the advancement of remote sensing technology, extracting cropland information
from satellite imagery has become increasingly common [5]. Traditional methods for
cropland extraction fall into two categories: single-temporal image-based machine learning
methods and multi-temporal data-based time series analysis methods [6]. Single-temporal
image-based methods analyze features from images taken during a single time period,
utilizing visible and near-infrared bands, spectral indices, texture features, and terrain
information. Machine learning classifiers like random forests, support vector machines, or
decision trees are commonly used to process these features and extract cropland data [7-9].
However, these methods are limited by single-period data constraints and cloud cover.
Time series analysis involves extracting temporal features or phenological indices from
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a series of images taken over time. Techniques include using vegetation indices for rule-
based classification and statistical methods to calculate metrics like maximum vegetation
index and time to peak vegetation index [10-13]. More complex methods construct multi-
source vegetation index time series or use advanced temporal feature extractors to enhance
accuracy [14,15]. While these methods achieve high classification accuracy and capture
crop growth cycles, they require extensive time-series data and expertise.

The rapid development of deep learning technology has led to significant progress in
satellite imagery processing [16,17], with methods such as Convolutional Neural Networks
(CNN) being applied to cropland extraction tasks [18,19]. Deep learning methods, by
constructing multi-layer neural networks, can automatically learn and extract complex
features from images, thereby achieving higher accuracy in cropland extraction.

Some deep learning models that integrate multi-temporal data, such as Recurrent
Neural Networks (RNN) [20] and Long Short-Term Memory networks (LSTM) [21], have
been applied to the extraction of cropland information. These methods can better capture
vegetation changes by utilizing time series data [22,23]. However, these methods require
high temporal continuity and consistency of data, which is often challenging due to cloud
cover, rainfall, or inconsistent satellite pass times. Studies have shown that LSTM does
not perform as well as traditional non-deep learning classifiers and one-dimensional
convolutional neural networks when dealing with multi-temporal Landsat data for crop
information extraction [24].

Single-temporal semantic segmentation models have shown significant results in
cropland extraction. Encoder-decoder frameworks like SegNet [25] and U-Net [26] have
been widely applied. For example, SegNet combined with Sentinel-2A satellite data
achieved an average F1 score of 0.84 at classifying land use and land cover in Indian
regions [27]. An attention-based U-Net model optimized with Focal Tversky Loss used
Landsat 8 and Sentinel-2 data to map crop types in the U.S. Corn Belt [28]. Additionally, a
ResUNet model combined with a long-term series cropland correction algorithm produced
annual cropland maps for Guangdong Province from 1991 to 2020 using Landsat data [29].

Current remote sensing deep semantic segmentation models follow several key princi-
ples. They reduce feature map resolution through pooling, stride adjustments, or dilated
convolutions to capture high-level semantic features and expand the receptive field for
more complex representations. These low-resolution feature maps are then upsampled
and combined with their downsampled counterparts to restore high-resolution features,
enhancing segmentation performance. Low-level feature maps capture detailed spatial
information and object boundaries, while high-level maps provide positional information
to locate objects [30]. However, this downsampling and upsampling process can dilute the
signal of object boundaries, especially with 30-meter resolution Landsat data. Common
downsampling practices reduce this resolution to 480 m, leading to coarse segmentation
and loss of critical details if not properly managed [6]. Balancing low-level spatial features
and high-level semantic features to maintain precision and detail is a significant challenge
for deep learning models dealing with medium-resolution imagery [26,31,32].

Another major challenge in extracting cropland information using Landsat data in
Qinghai-Tibet Plateau is the lack of high-quality training datasets. Deep learning models
require a large, uniformly distributed dataset of training samples to prevent overfitting and
improve generalization [33,34]. Compared to high-resolution data, pixel-level annotation
of Landsat data is more time-consuming and difficult. Although the availability of open
training datasets has significantly advanced deep learning technologies, the spatial consis-
tency of currently shared medium-resolution datasets in the Qinghai-Tibet Plateau region
is still far from ideal [35].

Facing the issues of lacking high-quality training datasets for Landsat imagery in
the Qinghai-Tibet Plateau and the insufficient information flow utilization between low-
level spatial features and high-level semantic features in existing deep learning models
for Landsat data, this paper presents a high-quality training dataset with pixel-level ac-
curacy based on Landsat data from the YarlungZangbo-Lhasa-Nyangqv River region of
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the Qinghai-Tibet Plateau. The primary objective of this study is to enhance the accu-
racy of cropland extraction from 30-m resolution Landsat multispectral data while also
reducing computational costs. Subsequently, a novel MSC-ResUNet (Multi-Scale Skip
Connections ResUNet) model is proposed, which combines multiscale features through
residual connections and multiscale skip connections, while further enhancing performance
by incorporating depthwise separable convolutions as part of the feature fusion process.
This approach aims to enhance the accuracy of cropland extraction from 30-m resolution
Landsat multispectral data by improving feature utilization and reducing computational
costs. Leveraging these advancements, the proposed model seeks to deliver more precise
and detailed segmentation results for fragmented cropland areas. The overall workflow

was shown in Figure 1.
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Figure 1. The workflow of the study.

2. Materials and Methods
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The YarlungZangbo-Lhasa-Nyangqv River region (87°04'E-92°37'E, 28°17'N-30°28'N)
lies in the central Qinghai-Tibet Plateau, encompassing the middle reaches of the Yarlung
Zangbo River and its tributaries, the Lhasa and Nyangqv Rivers. This region, an important
agricultural base and grain-producing area in the Xizang Autonomous Region, spans
approximately 66,700 km?, or 5.52% of the region’s total area, with altitudes ranging from

2700 to 4200 m [36].

The region features a plateau temperate monsoon semi-arid climate, with average an-
nual temperatures between 4.7 and 8.3 °C and annual precipitation from 251.7 to 580.0 mm,
mostly occurring from May to September [37]. Major crops include barley and wheat, with
some areas growing winter wheat [38,39]. This region accounts for over 60% of Tibet’s total
cropland [40]. The distribution of cropland in this area is markedly dispersed, primarily
concentrated along river valleys and alluvial plains. This pattern is influenced by the
region’s varied topography and geomorphology, resulting in irregular patches of cropland
interspersed with non-crop areas [41,42]. The fragmented terrain, combined with the effects
of slope and soil conditions [43], leads to cropland being scattered rather than consolidated
into large, contiguous fields, as shown in Figure 2.
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Figure 2. Location of the study area. (A) shows the schematic representation of the location of the
YarlungZangbo-Lhasa-Nyangqv River region within the Qinghai-Tibet Plateau. (B) displays the
distribution of cropland in the YarlungZangbo-Lhasa-Nyangqv River region in 2023, with cropland
indicated in black. (C) illustrates the distribution of Landsat scenes, with numbers representing path
and row for Landsat 8 scenes.

2.2. Dataset
2.2.1. Landsat Data

This paper used the Level 2, Collection 2, Tier 1 dataset from the Landsat 8 satellite
provided by the USGS, covering the years 2020 to 2023. The Worldwide Reference System
(WRS) paths and rows of the selected data are 137/039-040, 138/039-040, 139/039-040, and
140/039-040, as shown in Figure 2. To enhance data quality and minimize cloud interference,
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images with less than 30% cloud cover were filtered, and the quality assessment bands
were used for cloud removal, forming the training and prediction datasets. Before model
input, the images were normalized, as detailed in in Equation (1):

o = DN X scale + of fset (1)

where p is the surface reflectance (normalization value) as the input of model, scale and offset
are parameters from the metadata file with values of 0.0000275 and 0.2, and DN represents
the digital number for each band.

2.2.2. Annotation of Cropland

In this paper, cropland encompasses land used for growing crops, including cultivated
land, newly developed or reclaimed land, managed land, and fallow land (including
rotational fallow land and resting land). This definition primarily covers land for crops,
sometimes interspersed with fruit trees, mulberry trees, or other trees. However, the
definition excludes small plots of cropland less than 0.09 ha (minimum width of 30 m) and
facility agriculture, such as greenhouses, due to their distinct spectral signatures in remote
sensing images.

The accurate annotation of cropland in the study area using Landsat data is a challeng-
ing process, particularly given its fragmented and scattered distribution. To address this
challenge, high-resolution images (The Gaofen-1 satellite and the Gaofen-6 satellite, with
2-m resolution) from the corresponding year’s growing season were employed as reference
data. The annotation process entailed the manual identification of cropland plots, based on
an examination of their characteristics in high-resolution images and an analysis of crop
phenological features in multi-temporal Landsat images.

In two representative study areas, the spatial distribution of cropland is illustrated,
highlighting its fragmented and scattered nature (Figure 3). Figure 3A,B show images from
the Gaofen-1 satellite (2 September 2023) and the Gaofen-6 satellite (17 May 2020), respec-
tively. During these periods, most crops were in the reproductive growth to maturity and
harvest stages, exhibiting distinct spectral and textural information compared to surround-
ing land features, which facilitated accurate cropland annotation. Figure 3(A1-A3,B1-B3)
display Landsat 8 images of regions Figure 3A,B from different months between March
and September. These images demonstrate significant temporal variation in cropland
spectral information.

To ensure the quality and reliability of the annotated samples, a validation dataset of
2508 sample points was constructed. The validation points were generated from cropland
distributions from ESA [44], GLC-30 [45] and our own product within the study area.
Specifically, we randomly generated validation points based on the combined spatial
distributions of cropland and non-cropland from these three sources. Then, the classification
of these points as cropland or non-cropland was determined through visual interpretation
using domestically produced high-resolution images. As a result, the validation samples
are unevenly distributed, clustering mostly near cropland (Figure 4). This focus aligns
with the study’s primary objective extracting cropland rather than all land cover types,
emphasizing the verification of extraction accuracy in these scenarios. The accuracy and
confusion matrix of the sample dataset are presented in Table 1, yielding an F1 score of
0.9795 and an overall accuracy of 0.9784.
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Figure 3. (A,B) represent Gaofen-1 imagery from 2 September 2023 and Gaofen-6 imagery from
17 May 2020, respectively. (A1-A3) show true-color Landsat 8 images from 15 April, 2 June and 6
September 2023, respectively. Similarly, (B1-B3) depict true-color Landsat 8 images from 12 March,
19 August and 4 September 2020. (a,b) illustrate the corresponding cropland label samples, with the

cropland areas highlighted in yellow.

Table 1. Confusion matrix of the sample dataset accuracy.

Truth
Cropland Non-Cropland Total Precision
Cropland 1289 20 1309 0.985
Prediction Non-Cropland 34 1165 1199 0.972
Total 1323 1185
Recall 0.974 0.983
MCC 0.9795
Overall Accuracy 0.9784
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Figure 4. The distribution map of validation samples in the study area. (a—d) represent true-color
cropland images with a 2-m resolution from Gaofen-1, captured on 14 May, 7 June, 14 September
and 27 September 2023. Yellow points indicate cropland validation points derived from manual
interpretation, while blue points represent non-cropland validation points.

2.2.3. Construction of Dataset

To guarantee the impartiality of the model assessment, this study constructed two datasets:
a regional robustness dataset and a temporal transferability dataset. These datasets test the
model’s performance across different regions and time periods.

The regional robustness dataset includes 34 scenes of Landsat images from 2023,
covering path and row numbers 137/039, 137/040, 138 /040, 139/039, 139/040, and 140/039
as the training dataset, and 12 scenes of Landsat images with path and row numbers
138/039 and 140/040 as the validation dataset. To ensure the independence and reliability
of the validation dataset, any overlap with training images was removed.

The temporal transferability dataset shares the same training dataset as the regional
robustness dataset. The validation dataset, however, consists of 11 scenes of Landsat images
from 2020 and 2021, taken during different months but from the same paths and rows.
For instance, for the region 139/039, the training dataset includes images from 6 April, 8
May, 25 June, 13 September, 15 October, and 5 December 2023, while the validation dataset
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includes images from 27 February and 19 August 2020. Specific filenames of the selected
images are detailed in the Supplementary Materials (Tables S1 and S2).

The workflow for generating the training samples is as follows: the blue (SR_B2),
green (SR_B3), red (SR_B4), near-infrared (SR_B5), and two shortwave infrared bands
(SR_B6 and SR_B7) were selected. Additionally, slope data calculated from the Copernicus
DEM was also integrated as an additional feature. Before model input, each band was
normalized: SR_B2 to SR_B4 bands were clipped to 0-0.3 and SR_B5 to SR_B7 bands to
0-0.5, then normalized to [0, 1]. The slope band underwent min-max normalization.

Subsequently, in the study area, Landsat images were cropped into 256 x 256 pixel
grids with a 128-pixel overlap to create the training dataset. Any cropped image with more
than 1000 cloud /shadow pixels was removed. Finally, the regional robustness dataset
contained 4114 training images and 915 validation images. In the temporal transferability
dataset, there were 4114 training images and 1114 validation images. The cropland to
non-cropland pixel ratio was approximately 1:15, indicating sample imbalance.

2.3. Network Architecture

This paper proposes an MSC-ResUNet network model that combines multiscale fea-
tures through residual connections and multiscale skip connections, which effectively
captures features ranging from low-level spatial details to high-level semantic information.
The model further enhances performance by incorporating depthwise separable convolu-
tions as part of the feature fusion process. The model structure is shown in Figure 5.

The encoder part includes four downsampling steps, featuring the following number
of channels: (64, 128, 256, 512). Each step utilizes convolutional layers and residual
connections [46] to enhance feature representation. The residual structure is illustrated in
Figure 5b. In the bridging part between the encoder and decoder, MSC-ResUNet introduces
an ASPP module with atrous rates of 1, 2, and 4. This choice is made considering the
30-m resolution of Landsat imagery, as larger atrous rates might result in overly sparse
convolution kernels that fail to effectively capture fine-grained features. The ASPP module
captures multiscale information and enhances the global receptive field of the feature maps.

The decoder part progressively restores spatial resolution through three upsampling
steps, effectively integrating feature maps from different levels using multiscale skip con-
nections and residual connections. The final decoder output is processed througha 1 x 1
convolutional layer and a sigmoid activation function to produce the final segmenta-
tion results.

2.3.1. Residual Blocks

In deep learning model design, residual blocks have become a widely used struc-
ture [47], especially in image segmentation tasks. Residual blocks introduce skip connec-
tions between layers, allowing gradients to propagate more effectively through the network.
This mitigates common issues of gradient vanishing and gradient explosion in deep neural
networks. The following equation demonstrates the working principle:

Yn = F(xnr Wn) + Xn ()

where x,, is the input and F(-) is the residual function. This design not only accelerates the
convergence speed of the network but also enhances the model’s feature learning capability.
Through residual connections, the original input information is preserved and gradually
transmitted between layers, enabling the network to retain original features while learning
new ones. This improves the feature representation and resolution. The residual unit
consists of various combinations of batch normalization (BN), ReLU, and convolutional
layers. The residual structure in our model is shown in Figure 5b. Detailed descriptions of
the combinations used and their effects can be found in the work of He [47].
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Figure 5. The overall structure of the MSC-ResUNet. (a) shows the overall architecture of the model,
including the depth of each layer in the encoder and decoder, with depth information labeled below
each circular node; (b) illustrates the residual connection structure in the encoder part; (c) using
X% . explains the specific application of multi-scale skip connections and residual connections in the
decoder layers.

2.3.2. Depthwise Separable Convolution

In the approach proposed by Chollet [48], standard convolution is decomposed into
depthwise and pointwise convolutions, which are both separable depthwise. Depthwise
convolution applies kernels independently to each channel, while pointwise convolution
uses 1 x 1 convolutions across channels. This reduces parameters and computational cost,

maintaining performance. Computational complexity decreases from O(D,%~M ‘N DJZ,)

to O (D,%M -DJZI + M-N DJ%) , where Dy, is the kernel size, M and N are input and output
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channels, and Dy is the feature map size. A structural diagram of the depth-separable
convolution is visible in the Supplementary Material (Figure S1).

2.3.3. Multi-Scale Skip Connections

Our model uses multi-scale skip connections to transfer feature maps directly between
the encoder and decoder, preserving high-resolution spatial information. Encoder output
feature maps are processed through max pooling and depthwise separable convolutions
before reaching the corresponding decoder layer, reducing parameters and computational
cost. To bridge the semantic gap between the encoder and decoder, residual connections in
the decoder add the encoder’s output directly to the decoder’s feature maps, enhancing
stability and robustness.

The construction of the feature map of decoder layer X3, is exemplified in Figure 5c.
First, we merge feature maps from four scales. These four feature maps are obtained
from: upsampling through bilinear interpolation to receive high-level semantic features
from a deeper decoder layer, skip connections using depthwise separable convolution to
receive feature maps from the same scale encoder layer X3, and high-resolution spatial
information feature maps from shallower encoder layers X%, and X}, processed by non-
overlapping max pooling and depthwise separable convolution operations. During this
process, we set the number of channels in all feature layers to 64 to simplify the model
structure and improve computational efficiency. To merge shallow and deep information,
we further perform residual convolution blocks on these four scales of concatenated feature
maps, ensuring effective fusion of features from different levels. We define the multi-scale
skip connection as follows: assuming i is the index of the encoder layer and N is the total
number of encoders, the expression for XiD . as shown in Equation (3):

Xo = [s(0(x6))1 sxp) s(u(xi))] =1 v -2

Xpe = [S(D(X’gg));_ll,s(xge),S(U(Aspp))], i=N-1 ()

/

X = (X, Wa ) +Xb, i = 1,0+ ,N—1

where S(-) represents the depthwise separable convolution operation, D(-) represents
the max pooling operation, U(-) represents the upsampling operation, [-] denotes the
concatenation operation, X/, el represents the aggregated features after concatenation, and
F(-) is the residual function. X%, and X},, are generated in a similar manner. Therefore,
the three upsampling steps feature the following number of channels: (256, 192, 128).

2.3.4. Dice Loss

Given the significant imbalance between background and cropland pixels in the train-
ing samples, this paper employs the Dice loss function. Derived from the Serensen-Dice
coefficient, Dice loss optimizes the overlap between the predicted and true segmentation,
effectively addressing sample imbalance and providing a superior similarity measure,
especially when the background class dominates, as shown in Equation (4):

2|AN B

Dice Coef ficient =1 — ————-
Al +[B|

()
where |A N B| is the size of the intersection of predicted and true cropland pixels, and | A|
and |B| are the sizes of the predicted and true cropland pixel sets, respectively.

2.3.5. Evaluation Metrics

To evaluate our model’s performance, we calculated Precision, Recall, F1-Score, and
Matthews Correlation Coefficient (MCC), as shown in Equations (5)—(8). Precision measures
the accuracy of positive predictions, while Recall assesses the model’s ability to identify
actual positive samples. The F1-Score, the harmonic mean of Precision and Recall, provides
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a comprehensive performance evaluation. MCC, considering true positives, false positives,
true negatives, and false negatives, offers a robust assessment, especially for imbalanced
data. Additionally, a confusion matrix was analyzed to ensure a thorough evaluation of the
model’s classification performance.

.. TP
Precision = TP L EP (5)
TP
Recall = ————
ecall TP+ EN (6)
Fl— Precision x Recall @)

"Precision + Recall
MCC — TP-TN — FP-FN ®)
\/(TP + FP)(TP + FN)(TN + FP)(TN + FN)

where TP is the number of true positive samples, TN is the number of true negative samples,
FP is the number of false positive samples, and FN is the number of false negative samples.

Our model was implemented using Keras 2.14 and TensorFlow 2.14.0, with CUDA
12.2, and was trained and evaluated on a workstation equipped with an NVIDIA Tesla
V100 PClIe 32GB GPU. The optimizer used was Adam, with a cosine annealing learning
rate restart strategy. The initial learning rate was set to 0.001, and it completed two cycles
within each epoch, with the second cycle being twice the length of the first. Upon restarting,
the learning rate was reset to 0.1 times the initial value, with a minimum learning rate of
0.0. Each model was trained for 100 epochs with a batch size of 8.

3. Results
3.1. Performance of MSC-ResUNet

The MSC-ResUNet model was evaluated using both regional robustness and temporal
transferability tests, with performance metrics summarized in Tables 2 and 3. The model
demonstrated high accuracy in both tests. In the regional robustness test, the MCC was
0.8155, and the F1 score was 0.8259, with cropland precision and recall at 0.811 and 0.841,
respectively. In the temporal transferability test, the MCC was 0.8471 and the F1 score was
0.8561, with cropland precision and recall at 0.846 and 0.867. The prediction results for
four images are presented, with local enlargements to display more details of the predicted
results compared to the ground truth (Figure 6). Regions I and III in Figure 6 correspond to
the locations in Figure 3A,B. These images are from two different periods within the same
path and row numbers in the regional robustness test dataset and two different periods
within the same path and row numbers in the temporal transferability test dataset. The
results show that MSC-ResUNet effectively identified cropland pixels across different times
and regions, with minimal misidentifications. Local enlargements in Figure 6 demonstrate
the model’s high accuracy in identifying cropland pixels during different growth stages
and in complex scenes, although a few small patches were misidentified, as indicated by
red ellipses.

Table 2. Confusion matrix of MSC-ResUNet on the regional robustness validation dataset.

Truth
Cropland Non-Cropland Total Precision
Cropland 2,813,164 655,573 3,468,737 0.811
Prediction Non-Cropland 530,335 55,507,616 56,037,951 0.991
Total 3,343,499 56,163,189
Recall 0.841 0.988

MCC 0.8155
F1 0.8259
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Figure 6. The prediction results of MSC-ResUNet for images from 25 January 2023, 2 June 2023,
12 March 2020, and 19 August 2020, along with the enlarged views of the corresponding regions

indicated by blue boxes I-IV. Yellow pixels represent true cropland, black represents non-cropland,

and white represents predicted cropland. Red ellipses indicate misidentified patches.
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Table 3. Confusion matrix of MSC-ResUNet on the temporal transferability validation dataset.

Truth
Cropland Non-Cropland Total Precision
Cropland 3,714,676 678,438 4,393,115 0.846
Prediction Non-Cropland 570,082 67,978,372 68,548,453 0.992
Total 4,284,758 68,656,810
Recall 0.867 0.990
MCC 0.8471
F1 0.8561

3.2. Comparison with Other Models
3.2.1. Performance Comparisons

The MSC-ResUNet model was compared with other deep learning models on the
regional robustness and temporal transferability datasets. MSC-ResUNet outperforms
the other comparison models, as shown in Figure 7. On the regional robustness dataset,
compared to other models, the MCC of MSC-ResUNet improved by over 6.7%. Although
HRNet performed closely, MSC-ResUNet still exceeded it by 2.3% in F1 score and 2.4% in
MCC. On the temporal transferability dataset, most models demonstrated strong adaptabil-
ity and consistency, with MCC values roughly close to or exceeding 0.8, indicating high
accuracy in identifying cropland pixels and strong agreement between actual conditions
and predictions. Specifically, the performance of MSC-ResUNet was also significantly
better than that of other models, with an MCC of 0.8471 and an F1 score of 0.8561. The
second-best performing model, HRNet, had an F1 score of 0.803 and an MCC of 0.791,
which are 2.3% and 2.3% lower than those of MSC-ResUNet, respectively. The results are
summarized in Table 4.

Table 4. Performance of models on the regional robustness dataset and temporal transferabil-
ity dataset.

Regional Robustness Dataset Temporal Transferability Dataset

Models Precision Recall F1 MCC Precision Recall F1 MCC
DeepLabv3+ 0.727 0.676 0.701 0.684 0.812 0.763 0.786 0.774
UNet 0.668 0.847 0.747 0.736 0.842 0.778 0.809 0.798
ResUNet++ 0.757 0.803 0.779 0.766 0.829 0.808 0.818 0.807
MACU-Net 0.735 0.792 0.763 0.749 0.782 0.850 0.815 0.804
HRNet 0.792 0.814 0.803 0.791 0.837 0.864 0.850 0.841
OURS 0.811 0.841 0.826 0.816 0.846 0.867 0.856 0.847

3.2.2. Model Parameters and Operational Efficiency

The parameter counts and the training and prediction operational efficiency of each
model are shown in Table 5. Although the MSC-ResUNet has a parameter count of
35,261,697 (134.51 MB), which is not the smallest among all models, it demonstrates ex-
cellent training and prediction speeds, at 405 milliseconds per batch and 99 milliseconds
per batch, respectively. In terms of computational complexity, MSC-ResUNet has a FLOPs
value of 22.42 G, which, while higher than other models, does not hinder its operational
efficiency. In comparison, HRNet, which has similar accuracy, has nearly twice the param-
eter count (255.07 MB) and a FLOPs value of 16.76 G, requiring more time for training
and prediction. This indicates that MSC-ResUNet can achieve relatively fast computation
speeds while maintaining high accuracy, making it suitable for tasks that require efficient
and accurate processing of large-scale data.
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Figure 7. Zoom-in of the predicted results: (I-IV) represent the ground truth for 25 January 2023,
2 June 2023, 12 March 2020, and 19 August 2020, respectively. The red squares in (I-IV) indicate
the regions for which the prediction results are shown in (a—f), showing the prediction results from
DeepLabv3+, HRNet, MACU-Net, UNet, ResUNet++, and MSC-RESUNET, respectively.
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Table 5. Comparison of model parameters and operational efficiency.

Number of Training Prediction

Model Parameters FLOPs (ms/Batch) (ms/Batch)
DeepLabv3+ 17,882,241 (68.22 MB) 582G 198 105
UNet 31,058,693 (118.48 MB) 10.97 G 236 88
ResUNet++ 101,994,116 (389.08 MB) 15.90 G 1015 111
MACU-Net 20,591,425 (78.55 MB) 13.49 G 299 93
HRNet 66,864,449 (255.07 MB) 16.76 G 508 181
OURS 35,261,697 (134.51 MB) 2242 G 405 99

4. Discussion
4.1. Ablation Study

Table 6 presents an ablation study analyzing the impact of various modules on the
model’s performance, including multi-scale skip connections, ASPP, and residual con-
nection modules. The key findings are as follows: (1) Comparing Model 3 with Model 2,
Precision slightly decreased while Recall significantly improved. Similarly, Model 5 showed
noticeable improvements over Model 4 in all metrics, indicating that MSC effectively fuses
features at different scales, enhancing Recall and overall performance. (2) Comparing
the results of Model 7 with Model 6, replacing the standard convolution in full-scale skip
connections with depthwise separable convolution significantly improved all metrics. This
demonstrates that depthwise separable convolution further enhances the effectiveness of
MSC, reducing computational load while improving feature extraction and fusion per-
formance. (3) Comparing Model 1 with Model 4, the addition of the residual module
alone resulted in minor performance changes. This suggests that the residual connection
module alone has limited impact on metrics but may stabilize the model during training by
providing better gradient flow. (4) The results of Models 1, 4-5, and 7 show that gradually
adding the residual connection module, using MSC with depthwise separable convolutions,
and incorporating ASPP modules improves the model’s performance. F1 scores increased
by 0.92%, 1.37%, and 1.75%, respectively. The combination of all modules performed best
across all metrics, indicating that the integration of the residual connection module, MSC
with depthwise separable convolutions, and ASPP modules significantly enhances the
model’s predictive performance.

Table 6. Ablation study.

No Main ASPP MS¢ Precision Recall F1 MCC
: Model Conv DS Conv
1 UNet 0.7924 0.8250 0.8084 0.7969
2 UNet 0.7917 0.8265 0.8087 0.7973
3 UNet v v 0.7891 0.8350 0.8114 0.8002
4 ResUNet 0.7752 0.8247 0.7992 0.7873
5 ResUNet v 0.8062 0.8386 0.8221 0.8114
6 ResUNet v v 0.7807 0.7976 0.7891 0.7764
7 ResUNet v v 0.8110 0.8414 0.8259 0.8155

4.2. The Adaptability of the Model to Different Band Combinations

Landsat 8 is a multispectral sensor, and different band combinations can affect the
performance of cropland identification. Here, we selected different band combinations as
input training data to evaluate the performance of the MSC-ResUNet model, especially
on the regional robustness dataset. Specifically, the types of band combinations used are
shown in Table 7. Table 8 presents the performance metrics for different band combinations.
The basic RGB combination performed poorly across all metrics, with an MCC of 0.715.
When the near-infrared band was added, performance improved markedly, raising the
MCC to 0.763. Further inclusion of the shortwave infrared bands continued to enhance
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performance, particularly in the RGBN-SWIR1-SWIR2 combination, where the F1 score
reached 0.812 and the MCC reached 0.801. Adding slope information improved recall
significantly, achieving the best overall performance with an MCC of 0.816, despite a slight
decrease in precision.

Table 7. Band combinations used in the study.

Band Combinations Used Bands
RGB true-color channels. (OLI band 2—-4)
RGBN true-color channels, near-infrared channel. (OLI band 2-5)
true-color channels, near-infrared channel, short-wave infrared 1.
RGBN-51 (OLI band 2-6)
true-color channels, near-infrared channel, short-wave infrared 2.
RGBN-52 (OLI band 2-5,7)
RGBN-S1-S2 true-color channels, near-infrared channel, short-wave infrared 1,

short-wave infrared 2. (OLI band 2-7)
true-color channels, near-infrared channel, short-wave infrared 1,

RGBN-51-52-Slope short-wave infrared 2, slope.

Table 8. Performance of MSC-ResUNet model with different Landsat band combinations on the
regional robustness dataset.

Metrics
Band Combinations Precision Recall F1 MCC
RGB 0.732 0.730 0.7314 0.7155
RGBN 0.798 0.755 0.7757 0.7630
RGBN-S1 0.796 0.809 0.8023 0.7904
RGBN-52 0.805 0.779 0.7920 0.7799
RGBN-51-52 0.814 0.810 0.8120 0.8009
RGBN-51-52-Slope 0.811 0.841 0.8259 0.8155

The addition of different band combinations significantly enhances MSC-ResUNet per-
formance due to the distinct spectral differences between vegetation and other land features
in the near-infrared to shortwave infrared bands. The enhancement effect becomes more
pronounced as the number of bands increases. When slope information is added, precision
decreases while recall increases. This can be attributed to the significant terrain variations
and fragmented cropland distribution in the study area on the Qinghai-Tibet Plateau.

According to the “Technical Regulations for the Third National Land Survey” issued
by the Ministry of Natural Resources of the People’s Republic of China, cropland slope is
classified into five grades: <2°,2—6°, 6—15°, 15—25°, and greater than 25°. The spatial
distribution of cropland in the slope categories of the regional robustness validation dataset
was as follows: 67.36%, 21.78%, 8.39%, 0.51%, and 0.03%, as shown in Figure 8a.

We further explored the impact of adding slope information on model performance
in different slope ranges, focusing on areas with slopes <2°,2—6°, and 6—15° (Figure 8b).
In areas with slopes <2°, the inclusion of slope information does not result in significant
changes in precision, recall, or F1 score, indicating that the overall classification performance
is not strongly influenced by the slope in flat areas. However, in regions with slopes of
2-6°, the model’s recall improves significantly with the addition of slope information,
though precision decreases slightly, suggesting that slope data helps in identifying more
cropland areas in moderately sloped regions, though at the cost of introducing some
false positives. In steeper regions with slopes of 6-15°, there is a notable improvement
in precision, recall, and F1 scores, indicating that slope data is particularly beneficial in
more challenging terrain. In conclusion, slope information enhances the model’s ability to
generalize across varying terrains, especially in regions with moderate slopes. However,
in flatter regions, the effect of adding slope data is limited, potentially leading to a slight
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Figure 8. (a) shows the spatial distribution of cropland in the slope categories of the regional
robustness validation dataset. (b) displays the slope information on model performance in different
slope ranges.

Experimental results indicate that high performance is achieved with combinations
including RGB, near-infrared, and any shortwave infrared band, suggesting that these
bands provide crucial spectral information. Under limited computational resources, using
RGB and near-infrared bands, or combinations including shortwave infrared bands, can
achieve good results with lower data volumes, reducing computational costs and improving
practical applicability.

4.3. The Adaptability of the Model to Different Time Phases of Satellite Data

To further explore the impact of different band combinations across different months,
Doilungdéqgén Qu and Lazi County within the robustness dataset testing areas of path and
row numbers 138/039 and 140/040, respectively, were selected. The results are shown in
Figure 9. The main crops in Doilungdéqén Qu include barley, spring wheat, and winter
wheat, and Lazi County include barley, spring wheat, peas, and forage. Figure 10 presents
the mean and standard deviation of surface reflectance for cropland in both regions across
different months, showing significant spectral differences at certain times. The spectral
reflectance statistics are derived from Landsat data, utilizing points from the previously
discussed cropland validation dataset. These validation points are representative of the
cropland in their respective regions. From April to September, most metrics performed
better compared to other months, particularly in August and September, where the F1 and
MCC values in both regions reached their highest levels. However, in June, the metrics
for Doilungdéqén Qu showed a noticeable decline due to extensive cloud cover over the
cropland. Interestingly, the model’s performance did not significantly decline in non-
growing seasons, sometimes even surpassing growing season performance under certain
band combinations. This indicates that the model successfully learned the features of
non-growing season cropland, enabling effective cropland identification year-round.
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Figure 9. Performance of MSC-ResUNet with different band combinations across various months.
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Figure 10. Spectral reflectance time series of cropland in Lazi County and Doilungdéqén Qu. The
mean and standard deviation are represented by lines and error bars, respectively.

4.4. Advantages and Limitations

MSC-ResUNet model effectively integrates multiscale features through residual con-
nections and MSC, capturing both low-level spatial and high-level semantic features. In
both the regional robustness and temporal transferability tests, MSC-ResUNet demon-
strated high accuracy and strong adaptability across different regions and time periods.
Additionally, MSC-ResUNet showed excellent training and prediction speeds, suitable for
tasks requiring efficient processing of large-scale data.

However, despite its high computational efficiency, the model’s parameter counts of
35,261,697 (134.51 MB) could be a constraint in resource-limited environments. Future
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research should focus on optimizing data processing and model structure to enhance the
model’s robustness and adaptability.

5. Conclusions

This paper proposes an MSC-ResUNet network model that enhances feature fusion by
introducing depthwise separable convolutions in multiscale skip connections and residual
connections in the decoder part, which aims to improve the accuracy of fractured cropland
extraction using 30-m resolution Landsat multi-band data. Additionally, due to the lack of
high-quality training datasets for the “One River, Two Streams” region of the Qinghai-Tibet
Plateau, we independently created a high-quality pixel-level precision training dataset.
This provides a solid foundation for cropland mapping using Landsat data combined with
deep learning.

MSC-ResUNet demonstrated excellent performance across different scenarios and
time periods through regional robustness and temporal transferability tests. In the regional
robustness test, MSC-ResUNet achieved an MCC of 0.8155 and an F1 score of 0.8259, show-
casing its superiority in handling complex land cover conditions. In the temporal trans-
ferability test, the model achieved an MCC of 0.8471 and an F1 score of 0.8561, indicating
strong adaptability and consistency across different time periods. Experiments with differ-
ent band combinations and different months showed that the inclusion of near-infrared,
shortwave infrared, and slope information significantly enhanced model performance.
With limited computational resources, using combinations of RGB and near-infrared bands,
or including shortwave infrared bands, can achieve good results with lower data volumes,
reducing computational costs and improving practicality. Additionally, the model demon-
strated satisfactory accuracy in both the growing season and non-growing season imagery,
exhibiting consistent and reliable extraction results across diverse months and complex
land cover conditions, which highlights the model’s adaptability and robustness.

Overall, MSC-ResUNet excels in handling complex land cover and low-resolution
imagery by combining multiscale features and optimized band combinations, significantly
improving segmentation accuracy and model robustness. Future research could consider
using other satellite data with similar resolutions to increase observation frequency, thereby
reducing weather-related image interference and improving data timeliness and continuity.
Additionally, further optimization of data processing and model structure could reduce the
model’s parameter count.
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