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Abstract: Frequent agricultural activities in farmland ecosystems bring challenges to crop information
extraction from remote sensing (RS) imagery. The accurate spatiotemporal information of crops serves
for regional decision support and ecological assessment, such as disaster monitoring and carbon
sequestration. Most traditional machine learning algorithms are not appropriate for prediction
classification due to the lack of historical ground samples and poor model transfer capabilities.
Therefore, a transferable learning model including spatiotemporal capability was developed based
on the UNet++ model by integrating feature fusion and upsampling of small samples for Sentinel-2A
imagery. Classification experiments were conducted for 10 categories from 2019 to 2021 in Xinxiang
City, Henan Province. The feature fusion and upsampling methods improved the performance of the
UNet++ model, showing lower joint loss and higher mean intersection over union (mloU) values.
Compared with the UNet, DeepLab V3+, and the pyramid scene parsing network (PSPNet), the
improved UNet++ model exhibits the best performance, with a joint loss of 0.432 and a mloU of
0.871. Moreover, the overall accuracy and macro F; values of prediction classification results based
on the UNet++ model are higher than 83% and 58%, respectively. Based on the reclassification rules,
about 3.48% of the farmland was damaged in 2021 due to continuous precipitation. The carbon
sequestration of five crops (including corn, peanuts, soybean, rice, and other crops) is estimated, with
a total carbon sequestration of 2460.56, 2549.16, and 1814.07 thousand tons in 2019, 2020, and 2021,
respectively. The classification accuracy indicates that the improved model exhibits a better feature
extraction and transferable learning capability in complex agricultural areas. This study provides a
strategy for RS semantic segmentation and carbon sequestration estimation of crops based on a deep
learning network.

Keywords: transferable learning; crop segmentation and classification; Sentinel-2A; UNet++; car-
bon sequestration

1. Introduction

As a part of the terrestrial ecosystem, the farmland ecosystem plays an important role
in global climate change, food production, and ecological assessment [1]. As an increasing
number of satellite observations become available, there is an urgent need to obtain accu-
rate crop maps from the massive images and assess the significance of each crop type in
farmland ecosystems. In recent years, several studies have been carried out on crop moni-
toring and carbon sequestration in different ecosystems. However, these studies mainly
focused on the forest ecosystem and grassland ecosystem [2—4]. Due to the strong human
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factors, crops in farmland have seasonal and complex characteristics, leading to more
challenges in crop automatic classification and carbon sequestration estimation. Therefore,
a method must be established to extract accurate crop information using remote sensing
(RS) technology in order to estimate crop area, disaster loss, and carbon sequestration.

Farmland vegetation is an essential part of the carbon cycle of the terrestrial ecosystem,
and the crops play different roles in carbon sequestration [5]. As a developing agricultural
country with a large population, cropland accounts for about 12.5% of the total area of
China. It is necessary to pay more attention to monitoring the crop planting area and
its impact on the carbon cycle. The emerging satellite technologies with diverse sensors
provide reliable large-scale land use and crop observation [6]. In particular, the Sentinel-
2A (5-2A) satellite developed by the European Space Agency provides 13-band optical
imagery with a high spatial resolution of 10 m. The 5-2A images have been widely used
in global agricultural monitoring, such as crop yield estimation, disaster monitoring,
and environmental assessment. In addition, the Google Earth Engine (GEE) provides
an interactive platform for feature acquisition and geospatial algorithm development
for satellite imagery [7,8]. Several studies show that it is convenient to obtain multiple
feature images from GEE, which are essential for crop classification in complex agricultural
areas [7,9]. Therefore, combining spectral bands, derived features (including vegetable
indices and texture features), and crop phenological information, has become an important
method to overcome the problems of within-class diversity and between-class similarity
and to obtain high-accuracy crop information.

Due to the seasonality of crop planting, the acquisition of ground samples and imagery
often has to be completed in a short time. On the one hand, it is difficult to obtain time-
series optical images during the crop growth period because of climatic factors. On the
other hand, traditional machine learning methods, such as support vector machine (SVM),
random forest (RF), and object-oriented classification methods, rely on a large number of
high-quality ground sample data sets [10]. However, these sample data sets would lose their
effectiveness due to crop seasonality limitations across years. Furthermore, the pixel-based
classification results struggle to meet the precise application requirements due to the “salt
and pepper phenomenon” [8]. For the object-oriented classification method, it is difficult to
determine the optimal segmentation scale due to the image resolution, crop complexity, and
field fragmentation, resulting in over-segmentation and under-segmentation problems [11].
Despite the success of traditional machine learning in earth science, the above problems
and limitations have hampered the model performance and classification accuracy [12].
To alleviate the dependence and workload related to ground investigations, it is essential
to use the transferable learning capability of classification models and to complete the
automatic extraction of crop information from RS images based on few label data sets.

Deep learning has become a semantic segmentation and target detection tool for solv-
ing many challenging problems in computer vision [9,12]. As data-driven deep neural
networks, deep learning networks usually outperformed shallow classifiers due to the
hierarchical feature transformation capability from multi-feature RS imagery. The 2012
ImageNet classification challenge and massive label data sets have been crucial in demon-
strating the effectiveness of deep convolutional neural networks (CNNs) [13]. However,
it is difficult to obtain a large number of spatiotemporal crop data sets for RS images.
The end-to-end transferable learning capacity reduced manual feature engineering and
improved model performance. Many studies have shown that CNNs and fully convo-
lutional networks (FCNs) are important network architecture for RS image and natural
scene semantic segmentation [14,15]. Furthermore, FCNs introduced the encoder—decoder
paradigm, which transforms the feature map size to the original image size and overcomes
the limitations of losing detailed information in the down-sampling and the fixed size
of the input data set [16]. Therefore, the development of FCN facilitates the transferable
model performance and high-accuracy crop mapping in the large-scale region across years.

To obtain high-accuracy crop maps, current studies mainly focus on feature fusion
and FCN-based semantic segmentation methods. Li et al. [17] proposed an improved
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deep learning method to classify crops of corn and soybean from RS time-series images
and achieved the classification results with a Kappa coefficient of 0.79 and an overall
accuracy of 0.86. Giannopoulos et al. [18] extended a deep learning model based on UNet
architecture to extract information from Landsat-8 images and achieved higher accuracy
than low-order deep learning models. Yang et al. [19] used different semantic segmen-
tation models, including temporal feature-based segmentation model, long short-term
memory (LSTM), and UNet, to accomplish rice mapping based on time-series SAR im-
ages. Wang et al. [20] proposed a two-stage model that fused DeepLab V3+ and UNet
for cucumber leaf disease severity classification with a segmentation accuracy of 93.27%.
The above-mentioned studies have achieved high classification accuracy and provided a
reference for image segmentation and classification of major crops using remote sensing
images. However, applying the semantic segmentation models of the studies in com-
plex agricultural areas with imbalanced samples still needs further testing. Moreover,
Zhou et al. [21] proved that the UNet++ model had more advantages in feature map-
generating strategy and image semantic segmentation with few training sample data sets.
Wang et al. [9] used the improved UNet++ architecture to classify 10 categories from
Sentinel-2 imagery (including 17 bands of spectral, vegetation indices, and texture features)
in 3 years, and indicated that the UNet++ achieved higher segmentation and classification
accuracy than UNet and DeepLab V3+. These studies provided methodological support
for feature fusion and agricultural information extraction of Sentinel-2 imagery. However,
time series prediction classification results of recent research still need to be further applied
and analyzed in farmland ecosystems, such as in disaster assessment and crop carbon se-
questration. Therefore, it is essential to establish a regional and transferable-learning model
with few training data sets for RS crop classification and carbon sequestration estimation
during the critical crop growth stage.

Chinese agricultural land has experienced dramatic changes in crop area, cropping
system, and planting structure optimization in recent decades [22]. These changes can
substantially affect crop carbon sequestration in the farmland. The widespread and scat-
tered smallholders in China have a profound impact on agricultural production in response
to climate change. Tang et al. [23] evaluated the contribution and estimation error of the
farmland ecosystem to carbon sequestration in China’s terrestrial ecosystem. The uncer-
tainties of carbon sequestration estimation can be reduced by collecting the finer crop area
and statistical data in farmland ecosystem. In terms of agro-ecosystem services, vegeta-
tion indices and time-series production were used to evaluate and predict the impact of
current vegetation cover on the farmland ecosystem [24,25], or to quantify the spatiotem-
poral changes, including the assessment of carbon sources/sinks and soil erosion [26].
Zhang et al. [27] provided a novel perspective on LCC (land cover change)-induced gross
primary production (GPP) changes and concluded that the LCC-induced reduction in GPP
was partially offset by increases in cropland using the GEE platform. Wang et al. [28]
showed that the changes in crop planting area can substantially affect greenhouse gas
emissions, and that farmland in China was a carbon source due to a large amount of CH4
emission in paddy lands. Such a capability to collect timely and high-accuracy crop infor-
mation from multispectral imagery using the transferable-learning model and to produce
accurate crop maps is crucial to assess the farmland ecosystem services.

In this study, we pay more attention to the automatic classification of crop information
from S-2A imagery in complex agricultural areas. As an agricultural region in China, Xinxiang
City of Henan Province has a representative topography and diversified crop types. This
study aims to (1) evaluate the influence of feature-selection schemes on the UNet++ model;
(2) evaluate the performance of different deep learning models; (3) compare prediction classi-
fication accuracies of different models based on overall accuracy, user’s accuracy, producer’s
accuracy, and F; scores; and (4) complete crop mapping and carbon sequestration estimation
in farmland ecosystem. Overall, this work aims to offer an improved deep learning procedure
as applied to RS in crop monitoring and carbon sequestration estimation.
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2. Study Sites and Data
2.1. Study Sites

This study focused on crop mapping in Xinxiang City of Henan Province, China
(Figure 1), with a total area of about 8251.08 km?. The mountains are mainly distributed
in the northern part. The crop types in the plain area are diverse, mainly including corn,
soybean, peanut, rice, other crops (OTH, including vegetables, tobacco, and Chinese herbal
medicine), non-cultivated land (NCL), and greenhouses (GH). Other categories include
urban (URB, including residential areas, roads, and other construction), forest land (FL,
including nursery forest planted on farmland, green areas around cities and villages, and
mountain areas), and water (WAT, including the rivers, ditches, ponds, and inundated
areas). The crops are sown in early June and harvested in mid-September, with a growth
period of about 110 d. The mean annual precipitation of the study area is about 581 mm
and concentrated from mid-July to late August. However, the precipitation in 2021 reaches
1377.6 mm, which limits the acquisition of time-series optical satellite images. Four sites
(A, B, C, and D) in 2019 and 2020 were chosen as the source of training data sets for the
deep learning model, each covering ~20 x 20 km. In addition, five sample plots (51-S5),
six validation sample plots (V51-V56), and some validation sample points are selected and
investigated for image labeling and classification accuracy evaluation.
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Figure 1. Geography of Xinxiang City on the northern plain of Henan Province, China.
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2.2. Sentinel-2A Data

Due to the low vegetation cover and soil spectral effects in the early stage, high
quality and cloudless images with similar dates were selected in the late growth stage in
early September of 2019, 2020, and 2021. On 4 September 2019, 5 September 2020, and
9 September 2021, we collected five satellite images covering the whole area, with orbital
numbers of T49SGU, T50SGV, T50SKD, T50SKE, and T50SLE, respectively. Sentinel Level-
2A atmospheric bottom reflectance data follow the U.S. Military Grid Reference System
(US-MGRS) to set the satellite orbit number (such as T50SGV) and have been preprocessed
in GEE [8]. Hence, we can quickly calculate and compose S-2A images with different
features at 10 m resolution, as listed in Table 1. The vegetation indices and texture features
were referred to the supplementary materials of Chen et al. [29] and Wang et al. [14],
respectively. The texture features were derived based on the NNIR band.

Table 1. S-2A schemes with different features.

Scheme Features Feature Variables

Blue (B), green (G), eed (R), red edge 1 (RE1), red
edge 2 (RE2), red edge 3 (RE3), near-infrared (NIR),
narrow NIR (NNIR), shortwave infrared 1 (SWIR1),

shortwave infrared 2 (SWIR2)
B, G, R, RE1, RE2 RE3, NIR, NNIR, SWIR1, SWIR2,
modified normalized difference water index
Spetral bands, vegetation (MNDWI), normalized difference build-up index
indices, and texture (NDBI), normalized difference vegetation index
(NDVI), red-edge NDVI (RENDVI)), sum average
(SAVG), correlation (CORR), dissimilarity (DISS)

1 Spetral bands

2.3. Sample Data

The sample data were collected using a handheld global positioning system every
year, and an interpretation mark library was established as a reference for image labeling.
We investigated five sample plots (~1 km?) with a total area of 4.41 km? and collected
509, 532, and 695 sample points in 2019, 2020, and 2021, respectively. The sample
plots were shown in Figure 2a—d. Then, the training data sets and validation sample
data sets were accomplished based on the interpretation mark library. As noted by
Luo et al. [30], the selection of representative samples is vital for classification accuracy
evaluation. Therefore, six validation sample plots (256 x 256 pixels) were selected each
year to evaluate the prediction classification accuracy. In addition, we randomly selected
100 sample points (Figure 1) each year to verify the two data sets based on a ground
survey. The classification verification based on sample plots can reduce the impact of the
location uncertainty of sample points on the accuracy of evaluation results. The results
revealed 13 misclassifications, including NCL and GH, soybean and other crops, GH
and urban, and peanuts and other crops (such as alfalfa). The re-correction training data
sets shown in Figure 2e-h satisfy the label quality and the training requirements. The
validation sample plots were shown in Figure 2i-1.
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Figure 2. Sample plots, training data set, and validation sample plots. (a) Sample plot 1 (S1) in 2019;
(b) sample plot 2 (S2) in 2020; (c) sample plot 4 (S4) in 2021; (d) sample plot 5 (S5) in 2021; (e) training
data set of Site A in 2019; (f) training data set of Site B in 2019; (g) training data set of Site C in 2020;
(h) training data set of Site D in 2020; (i) validation sample plot (VS1) in 2019; (j) validation sample
plot (VS4) in 2020; (k) validation sample plot (VS3) in 2021; (1) validation sample plot (VS6) in 2021.

The pixel numbers of training data sets and validation data sets were 43,373,026 and
1,180,755, respectively. The pixel proportions of corn, peanuts, soybean, rice, NCL, other
crops, GH, forest land, urban, and water in the training data set were 44.44%, 7.68%, 2.79%,
3.34%, 0.69%, 3.45%, 8.48%, 27.64%, 1.16%, and 0.33%, respectively. Figure 2 shows that
corn and peanuts are the main crops, rice is relatively concentrated, and other crops are
scattered. Based on the conclusions of Wang et al. [9] and Chen et al. [29], the training data
sets of sites A, B, C, and D were clipped to 256 x 256 pixels using the regular-grid clip
method with a zero-repetition rate. The number of clipped images (in tif format) and labels
(convert from tif format to png format) used for training was 704 pairs.
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3. Methodology

To evaluate the capability of the transferable learning model and the accuracy of crop
segmentation and classification, the experiments in this study were designed based on
the UNet++ architecture. The workflow of the experiments included image and sample
data acquisition and preprocessing, model training and assessment, prediction result
accuracy evaluation, and crop mapping and carbon sequestration. The modeling process
was performed on an Ubuntu workstation with 32 GB RAM and one NVIDIA Tesla T4
graphics card (16 GB RAM). The training and testing process was implemented on the
Python platform using the PyTorch and GDAL packages.

3.1. UNet++ Model and Assessment Indicators

The UNet++ architecture was modified from Zhou et al. [21] and shown in Figure 3.
The UNet++ used the intermediate convolutional blocks and the skip connections between
blocks to extract image features and transforms the height and width of the feature map
to the size of the input image. Compared with the UNet model, the re-designed skip
connection could effectively retrieve object details and acquire the shallow and deep
features, thus, improving the image segmentation accuracy [9,21]. The backbone pre-
trained on the ImageNet data set provided parameters to enhance the model performance
and accelerate the convergence on the target task, such as object detection, semantic
segmentation, and fine-grained image recognition, especially in the early training stage [31].
In this study, we used Timm-RegNetY-320 in the segmentation_models_pytorch library as
the backbone for model training. The RegNetY was proposed by Radosavovic et al. [32]
and has been verified to outperform other models, such as the DenseNet, Visual Geometry
Group, and residual networks.

Segmentation
and classificalion
Corn
Sovbean
B Non-cultivated land
I Forest land

Greenhouses

: . ;
Multi-band image |
256x256 patch size

Peanuts

Rice

Other crops
I Crban

Il water

Figure 3. UNet++ architecture used for crop segmentation and classification.

Moreover, three-fold upsampling of small samples (including non-cultivated land
and water) was used to alleviate the class-imbalanced problem and improve the model
performance according to the pixel proportions in the training data set. Resulting from
the small number of training-set pairs, all the pairs were used as training data sets and
validation data sets with different linear stretching methods. The enhancement strategy
of training data included horizontal flip, vertical flip, diagonal flip, and 5% linear stretch;
random 0.8%, 1%, or 2% linear stretching was applied to the validation data. In addition,
to accelerate the model convergence and avoid local minima, the cosine annealing learning
rate schedule with restarts was adopted to replace the fixed constant learning rate in the
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training process [33]. The initial learning rate, weight decay, number of epochs for the
first restart (T_0), and value controlling the speed of the learning rate (T_mult) were set to
0.0001, 0.001, 2, and 2, respectively.

The model performance was evaluated by using the joint loss function and mean
intersection over union (mloU). The joint loss function involved the label smoothing cross
entropy loss function and dice coefficient loss, each with a weight of 0.5. For details of both
loss functions, please refer to the website (https:/ /github.com/Blood Axe/pytorch-toolbelt
(accessed on 5 June 2022)). The smoothing factor of the label smoothing cross entropy loss
function was set to 0.1 to enhance the model generalization ability. Dice loss was applied
in image segmentation to weaken the effect of imbalanced class problems. The mIoU was
used in multi-class tasks to assess the average accuracy between the ground truth and
classification of each category.

3.2. Baseline Classification Models and Evaluation Indicators

We selected UNet, DeepLab V3+ [34], and the pyramid scene parsing network
(PSPNet) [35] to compare the model performance and prediction classification accuracy. The
UNet architecture appeared to be more conveniently modified and achieved satisfactory
segmentation results based on few training samples. The DeepLab V3+ extended by FCN
showcased the importance of atrous spatial pyramid pooling for the image segmentation
tasks and we added a decoder module to refine the boundary details and improve the
segmentation accuracy. The PSPNet used a spatial pyramid pooling module to harvest
different sub-region representations for pixel-level prediction. Here, we use the overall
accuracy (OA), user’s accuracy (UA), producer’s accuracy (PA), F; score, and macro F;
(Equation (1)) to evaluate the prediction classification accuracies. The macro F; is the
average value of F; for each category, and is calculated as follows:

N
macro F; = Z 2 X gﬁ _T_ llzi

@
where N denotes the number of categories, and UA; and PA; are the user’s accuracy and
producer’s accuracy of the i category, respectively.

3.3. Estimation of Crop Carbon Sequestration

The carbon sequestration of the farmland ecosystem mainly includes crop carbon
sequestration and soil carbon sequestration. In this study, the carbon sequestration of crops
refers to the amount of fixed C (carbon) in the total biomass by photosynthesis [26]. Due
to the category limitations in complex agricultural areas, corn, soybean, peanut, rice, and
other crops were selected to estimate carbon sequestration. Here, the results of other crops
were calculated based on the statistical data of vegetables. Building on previous carbon
sequestration works [23,36,37], the estimation of crop carbon sequestration in this study
refers to the carbon of economic yield (Ce, Equation (2)), straw (Cs, Equation (2)), and root
(Cr, Equation (2)) [36]. The function of crop carbon sequestration estimation is shown in
Equation (3). The estimation parameters are listed in Table 2 [37]. The image segmentation
and classification results provide the crop area, and the average yield of each crop comes
from the Henan Provincial People’s Government (http://www.henan.gov.cn/ (accessed
on 23 May 2022)) and the Henan Province Bureau of Statistics (https://tjj.henan.gov.cn/
(accessed on 5 June 2022)). Currently, it is challenging to obtain actual yield data of
different crops due to the small-holder farming mode in China. Furthermore, accurate
yield estimates for some crops, such as peanuts, remain elusive. Previous studies usually
used statistical yearbook data to estimate crop carbon sequestration. However, due to
the difference between the classified area of crops in remote sensing images and the
statistical yearbook, the average crop yield was used to reduce crop carbon sequestration
estimation errors. Affected by the lag of the statistical yearbook, some crop yield values,
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including soybean and rice in 2021, were obtained by averaging over the last four years.
Equations (2) and (3) are as follows:

Cc=BxYxAx(1-w;), Cs=Ce/L—-C,, Cr =(Cc+Cs) xR )

B, xY: xA; x(1—w;)x (1+R;
S N LA A LAY (ELIESS o
1

1
where C7 denotes the total carbon sequestration of crops in farmland ecosystem, and C; is
the carbon sequestration of the i category. For the i*" category, B; is the carbon absorption
rate, Y; is the average yield, A; is the classification area, w; is the water content, R; is the
root-shoot ratio, and L; is the economic coefficient, i.e., the ratio of economic output to
biological output.

Table 2. Estimation parameters of crop carbon sequestration.

Type Carbon Content (B;)/%  Water Content (w;)/% Root-Shoot Ratio (R;) Economic Coefficient (L;)
Corn 0.470 0.13 0.170 0.438
Peanuts 0.450 0.10 0.200 0.556
Soybean 0.450 0.13 0.130 0.425
Rice 0.410 0.12 0.125 0.489
Other crops 0.450 0.90 0.250 0.830
4. Results

4.1. Performance Evaluation of the UNet++ Model

Figure 4 shows the model training results based on the UNet++ architecture for both
schemes and upsampling methods. The training process was stopped when the joint
loss and mloU values were not improved relative to the previous 10 consecutive results.
The training data set was increased from 704 to 2573 pairs by upsampling of NCL and
water. The total epochs and training time of both schemes were 72 and 72, and 445.27 and
450.09 min, respectively. After approximately the 33nd epoch, the result curves for both
schemes became smoother and more stable. The optimal results were achieved in the 62nd
epoch, with a joint loss and mIoU of 0.434 and 0.869, and 0.432 and 0.871, respectively.
The model performance with upsampling between both schemes was very small, and the
differences of joint loss values and mIoU values were only 0.002.
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Figure 4. Training parameter results of the two schemes with upsampling of small samples.
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In addition, we completed the training models of the two schemes without upsampling
to further analyze the influence on model performance. The total epoch and total time of
schemes 1 and 2 were 136 and 72, and 279.39 and 151.90 min, respectively. At the 126th and
62nd epochs, the models obtained the optimal joint loss and mIoU values of 0.492 and 0.795,
and 0.489 and 0.798, respectively. The training times without upsampling are shorter than
those with upsampling because of the unchanged number of training data sets. However,
the total epoch of scheme 1 (Table 1) without upsampling was significantly higher than
that with upsampling. The mloU values of the models without upsampling were about
7% lower than those with upsampling. Therefore, the upsampling of small samples can
effectively alleviate the class-imbalanced problem and improve the model performance.
The UNet++ models with feature fusion and upsampling yielded higher mloU and lower
joint loss values, indicating the applicability in complex crop-classification tasks.

4.2. Evaluation of Baseline Models and Prediction Classification Accuracy

Based on the same training data set, backbone, scheme 2 (Table 1), and upsampling,
Table 3 shows the training parameter results of the UNet, DeepLab V3+, and PSPNet
models. It can be seen that the total epoch of these models is approximately the same as
that of the UNet++ model, while the optimal performance results are lower than that of the
UNet++ model. The joint loss values of UNet, DeepLab V3+, and PSPNet are 0.067, 0.089,
and 0.156 higher than that of the UNet++ model, respectively, whereas the mloU values
of these models are 0.075, 0.094, and 0.163 lower than that of UNet++ model, respectively.
The training time of UNet and PSPNet is shorter than that of UNet++, but the UNet++
model yielded a better performance. The advantages of the modified UNet++model were
evaluated mainly from the model performance and the prediction classification accuracy
in this study. Table 3 shows that the modified UNet++model achieves lower joint loss
and higher mloU values compared with other deep learning models. In addition, the
overall accuracy and F; score of the prediction results were evaluated to demonstrate
the advantages of the modified UNet++ model. Tables 3 and 4 show that, based on the
feature selection and upsampling of small samples, the UNet, Deeplab V3+, and PSPNet
models have higher mloU values and higher prediction accuracy than those of the UNet++
model without feature fusion or upsampling methods. The PSPNet can complete the
model training in the shortest time. However, its prediction classification accuracy is the
lowest compared with other models. Therefore, the improved UNet++ model yields a
better generalization capability and spatiotemporal transfer performance than the baseline
models, according to the model performance results and prediction classification accuracy.

Table 3. Training parameter results of different models.

Model Total Epoch Loss mloU Total Time Average Time
UNet 72 0.499 0.796 331.43 4.60
DeepLab V3+ 72 0.521 0.777 527.65 7.33
PSPNet 70 0.588 0.708 162.51 2.32

To further clarify the transferable learning capability and the influence on the pre-
diction classification accuracy, the OA and macro F; of different schemes with or without
upsampling were compared based on the validation sample plots and points. The predic-
tion classification accuracies were listed in Table 4. With upsampling of small samples, the
OA and macro F; values of the UNet++ model were higher than those without upsampling.
Based on the UNet++ model, the OA and macro F; differences of scheme 1 with upsampling
in 2019, 2020, and 2021 were 3.88% and 2.17%, 2.16% and 4.11%, and 2.96% and 0.66%
higher than those without upsampling, respectively, whereas those values for scheme 2
were 7.59% and 7.88%, 6.80% and 6.06%, and 5.51% and 0.09% higher than those without
upsampling, respectively. In addition to the macro F; in 2021, the classification accuracy
differences UNet++-based between schemes 1 and 2 without upsampling were lower than
those with upsampling.
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Table 4. Training parameter results from different schemes and models. Without upsampling and
upsampling are abbreviated as WUS and US, respectively.

Scheme 1 Scheme 2
Year Indicator WUS UsS WUS Us UsS
UNet++ UNet DeepLabV3+ PSPNet

2019 OA 79.46 83.34 80.59 88.18 86.02 80.26 71.66

Macro Fy 50.51 52.68 50.66 58.54 55.11 54.73 47.85
2020 OA 76.15 78.31 80.76 87.56 80.07 81.12 77.99

Macro Fq 47.03 51.14 51.29 58.71 54.52 54.73 49.86
2021 OA 76.91 79.87 78.01 83.52 74.76 75.85 67.42

Macro Fy 58.43 59.09 59.58 59.67 53.21 52.16 47.39

With upsampling of small samples, the prediction classification accuracies of PSPNet
were all lower than those of UNet++, UNet, and DeepLab V3+. However, the classification
accuracies of UNet and DeepLab V3+ indicated that both models had different advantages
in crop classification tasks in complex agricultural planting areas. Therefore, UNet++ is
an effective model for classifying multiple categories in complex agricultural areas with
respect to UNet, DeepLab V3+, and PSPNet. We fed the training data set of four sites from
2019 to 2020 into different deep learning models with or without sampling and predicted
the classification results of the study area in 2019, 2020, and 2021. The prediction accuracies
without training data sets demonstrated the better transferable learning performance and
generalization of the UNet++ model.

4.3. Reclassification Rules and Crop Mapping

Based on the overall indicators, Table 4 showed that scheme 2 of the UNet++ model
yields the optimal classification results. Compared with the results in 2019 and 2020 in
Table 4, the OA and macro F; values of the prediction classification results in 2021 were
almost lower than those in the previous two years. In addition to the lack of training data
sets, the rainstorm and continuous precipitation since 20 July 2021 have caused serious
damage to farmland. Compared with the images of 2019 and 2020 in Figure 5, the extreme
precipitation led to notable water stains and ponding on the farmland until 9 September
2021. Figure 5c shows that the images of the disaster area were misclassified as other
crops, urban areas, and water. Thus, it is essential to establish classification rules to further
process the misclassification results in 2021. The reclassification rules processed in ArcMap
software are as follows:

(1) We manually drew the approximate boundary of the disaster area shown in Figure 6c,
and then converted the three-year classification results into the vector format;

(2) The disaster area was spatially intersected with the 2021 classification results (in-
cluding other crops, cities, and water) and the result was named as 2021_ disaster_
intersect_area;

(8) The 2021_ disaster_ intersect_area data was spatially intersected with the 2019 and 2020
classification results (including corn, peanuts, soybean, rice, NCL, other crops, and
greenhouses), respectively, and the results were named as 2019_ disaster_ intersect_area
and 2020_ disaster_ intersect_area, respectively;

(4) We spatially intersected 2021_ disaster_ intersect_area and 2019_ disaster_ intersect_area,
and 2021_ disaster_ intersect_area and 2020_ disaster_ intersect_area, respectively, and
the results were named as 2019_2021_ disaster_ intersect_area and 2020_2021_ disaster_
intersect_area, respectively. Finally, after operating by merge tool, attribute field
assignment, dissolve tool, and manual editing, the disaster area result was shown in
Figure 5d. The land use and crop mapping of each year recorrected by using the road
data of Xinxiang City were shown in Figure 6.
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Figure 5. Local segmentation and classification results in different years. (a) Classification result in
2019; (b) classification result in 2020; (c,d) classification and reclassification results in 2021.

(b)

() (d

Com IO peanuis [ Soybean [ Rice Other crops - Forest land

- Non-cultivated land - Greenhouses - Urban - ‘Water - Disaster area

Figure 6. Segmentation and classification results of scheme 2 based on UNet++ model in 2019, 2020,
and 2021. (a) Classification result in 2019; (b) classification result in 2020; (c) classification result in
2021; (d) reclassification result in 2021.

Figure 6d shows that the disaster area in 2021 was mainly distributed in the central
part (both banks of the Wei River) and the eastern part (along the Yellow River) of Xinxiang
City, with the central part being the most severely damaged. Based on the validation
sample plots and points, the PA, UA, and F; score values of the classification results in
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2019 and 2020 and the reclassification result in 2021 were shown in Table 5. The major
crops, such as corn, peanuts, soybean, and rice, showed higher classification accuracy than
minor crops. Except for the F; score of soybean in 2021, the F; scores of corn, peanuts,
soybean, and rice were higher than 80%. Due to the few validation samples of NCL, OTH,
and GH, their classification accuracies were lower. Wang et al. [8] pointed out that the
factors, such as within-class diversity, between-class similarity, and mixed pixels, remain
major challenges in crop and land use classification, especially for minor crops. Therefore,
it is necessary to further reduce the misclassification and omission of small categories by
increasing the number of samples or adopting synthetic minority over-sampling technique
methods. Since the carbon sequestration was calculated for five categories in the farmland
ecosystem, the accuracies of forest land, urban areas, and water were not further analyzed
in this study.

Table 5. PA, UA, and F; score from scheme 2 and the UNet++ model. The abbreviation NaN
represents not-a-number due to the zero denominator.

Year Indicator Corn Peanuts Soybean  Rice NCL OTH GH FL Urban Water
PA 0.94 0.95 0.71 0.97 0.21 0.28 0.00 0.54 0.76 0.57
2019 UA 0.89 0.95 0.90 0.95 0.43 0.10 0.00 0.80 0.76 0.31
Fy score 091 0.95 0.80 0.96 0.29 0.15 0.00 0.64 0.76 0.40
UA 0.86 0.95 0.82 0.92 0.08 0.27 NAN 0.76 0.88 0.54
2020 PA 0.90 0.79 0.84 0.93 0.59 0.19 NAN 091 0.85 0.21
Fy score 0.88 0.86 0.83 0.93 0.14 0.22 0.00 0.83 0.87 0.31
PA 0.98 0.93 0.83 0.83 0.40 0.15 0.00 0.70 0.76 0.39
2021 UA 091 0.89 0.75 0.89 0.44 0.17 NAN 0.60 0.71 0.69
Fy score 0.95 091 0.79 0.86 0.42 0.16 0.00 0.65 0.73 0.50
4.4. Estimation of Crop Area and Carbon Sequestration
Based on the classification results, Table 6 shows the estimation results of the crop
area and carbon sequestration. As a major crop, the area proportion of corn changed little
in recent years. The areas of soybean, rice, and NCL decreased year by year. In 2021, the
disaster area of farmland accounted for about 3.48% of the total study area, and the crops
were mainly corn. Except for the forest land, urban areas, and water, the proportion of
farmland in 2019, 2020, and 2021 was 51.44%, 51.64%, and 51.56%, respectively. Here, the
crops in the disaster area were not involved in the carbon sequestration results. For corn,
peanuts, soybean, rice, and other crops, the total carbon sequestration in 2019, 2020, and
2021 was about 2460.56, 2549.16, and 1814.07 thousand tons, respectively. In 2021, the crop
yield was reduced in a large area due to the precipitation disasters, resulting in a significant
decrease in crop carbon sequestration.
Table 6. Estimation of crop area and carbon sequestration. Area proportion and carbon sequestration
are abbreviated as AP and CS. The units of area and CS area % and thousand tons.
Year Indicator Corn Peanuts Soybean  Rice NCL OTH GH FL Urban Water
2019 AP 35.45 7.82 2.19 1.49 1.23 3.17 0.09 14.16 33.14 1.27
cSs 1997.85 248.13 62.98 64.19 87.41
2020 AP 36.84 6.79 2.15 0.88 0.56 431 0.11 13.53 33.18 1.65
CSs 2114.99 218.43 55.54 40.44 119.76
2001 AP 35.15 7.23 1.35 0.69 0.16 3.33 0.16 12.93 32.88 2.63
CSs 1442.01  217.09 35.69 32.90 86.38

To verify the estimation results of crop carbon sequestration, we compared the results
to several existing references and methods. The results of Wang et al. [38] showed that the
carbon sequestration of corn, peanut, soybean, and rice in Xinxiang City in 2019 and 2020
were 2286.63 and 2427.81, 324.40 and 332.12, 59.00 and 43.75, and 116.22 and 76.87 thousand
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tons, respectively. These estimated results were higher than this assessment owing to the
differences in crop area and yield in the statistical data. In addition, Tan et al. [39] used
the net carbon sink method to assess the carbon sequestration of cropland ecosystems in
Henan Province. The carbon absorption results of corn, peanut, soybean, and rice in Xinxiang
City in 2019 and 2020 were 1923.1 and 2041.9, 349.5 and 357.9, 53.9 and 40.0, and 100.8 and
66.6 thousand tons, respectively. The estimated results of corn and soybean were lower than
those of this study, while those of peanut and rice were the opposite. Besides crop yield errors,
dry weight ratios used in the method parameters also caused differences in the estimation
of crop carbon sequestration. Therefore, it is necessary to further evaluate and analyze the
estimation results of different models in combination with the ground survey data.

5. Discussion
5.1. Evaluation of Model Parameters and Classification Accuracy

Figure 4 and Table 3 show the influence of feature fusion and upsampling on the deep
learning model performance with a 256 x 256 patch size. With upsampling of small samples,
the UNet++ model performance of the two schemes showed little difference. However, the
UNet++ performance outperformed the UNet, DeepLab V3+, and PSPNet with the same
training data set and model parameters. Moreover, the segmentation and classification
results based on UNet++ also proved its capability for correctly identifying multiple
categories in complex agricultural areas concerning UNet, DeepLab V3+, and PSPNet.
As concluded by Zhou et al. [21], Wang et al. [9], and Giannopoulos et al. [18], the major
advantage of the UNet++ model is the multilevel full-resolution feature map-generating
strategy for multi-feature RS imagery. In addition, Table 3 showed that the performance
of the UNet model of scheme 2 is better than the DeepLab V3+ model. However, the
prediction classification accuracy of UNet was not always higher than that of DeepLab
V3+. Therefore, when the different deep learning models have similar performances, the
prediction classification accuracy should be further evaluated.

Combined with Figure 6 and Table 5, the prediction accuracies without training
data sets demonstrated the generalization of the deep learning models in ground object
monitoring, especially the UNet++ model. In addition, the cosine annealing learning rate
schedule with restarts could further accelerate the model convergence and improve the
performance of deep learning networks. Overall, the image segmentation and classification
based on UNet++ was an effective method for classifying the multiple crops referring
to UNet, DeepLab V3+, and PSPNet. Due to the influence of continuous precipitation,
the time-series images were difficult to collect and the OA in 2021 was lower than 85%
based on single imagery. In current studies, the time-series images and recurrent neural
network (RNN), such as LSTM and transformer, tended to improve the classification
accuracy [40,41]. Zhong et al. [40] developed a deep learning model based on a one-
dimensional convolutional network for economic crops using Landsat time-series data,
with the highest OA being 85.54% and F; score of 0.73. Teimouri et al. [42] classified
14 major classes of crops based on a convolutional LSTM network, and the OA of 8 major
crops was more than 84%. Wang et al. [41] proposed a novel architecture named the coupled
CNN and transformer network and achieved 72.97% mloU of the Barley Remote Sensing
Dataset. However, the time-series images and deep learning methods would increase the
labeling workload related to ground investigations and manual editing. The experimental
results of this study demonstrated that the proposed methods can improve the model
performance and yield state-of-the-art segmentation and classification results.

The model transferability in this study is mainly shown in the following two points.
First, the focus of the current study was placed on the training data set of the four sites
in Xinxiang City, and the training model can be transferred to the segmentation and
classification of crops and land use to a more considerable spatial extent. Second, without a
training data set and prior knowledge in 2021, the OA and macro F; values of prediction
classification based on UNet++ model were higher than 83% and 59%, respectively, which
proved the transferable learning capability of the deep learning model across the years.
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Therefore, the modified UNet++ model has better spatiotemporal transfer learning ability
in the study area.

5.2. Comparison of Local Results and Error Analysis

Table 5 shows that the accuracy is lower for minor categories, such as non-cultivated
land, other crops, greenhouses, and water. Due to the influence of image spatial resolution,
there are a large number of mixed pixels around urban and rural areas. In addition, the
non-cultivated greenhouses are often scattered and small, which often makes them difficult
to effectively distinguish from the field paths. Figures 5 and 7 show the main misclassified
land use and crop types, including corn misclassified as rice and forest land (seedling forest
in farmland), peanuts misclassified as corn and soybean, and field roads misclassified
as crops. In addition, as a pixel-based classification method, the UNet++ model cannot
completely avoid but can effectively alleviate the “salt and pepper phenomenon” in the
classification. In addition, the representative error of samples and training data sets
influences the land use and crop classification accuracy. The representative error depends
on the sample size, image resolution, label production, and the difference in the entire
categories over the study area [9]. The misclassification of disaster areas in 2021 was mainly
caused by the representative error of the samples, especially the difference in the entire
categories. This misclassification result means that the more representative sample data
sets should be added soon in order to improve the generalization and transferable learning
capability of deep learning models.

PSPNet

UNet Deeplab V3+

VS1in 2019

VS4 in 2020

VS3in 2021

VS6in 2021

o Y

Peanuts B soybean Rice M Non-cultivated land
I Forest land Other crops || Greenhouses [ Urban - Water

Figure 7. Validation sample plots and local-scale prediction classification results of Scheme 2 in 2019,
2020, and 2021.

The factors, such as planting patterns of small farmers, diversified crop types, and
topography and climate difference terrain in large-scale regions, limit the applicability and
parameters of the transferable learning models [7]. Therefore, the image classification in a
large-scale region should be divided into different subregions according to Tobler’s First
Law. In this way, the representativeness error of samples and the fine-tuning parameters of
the model can limit the error propagation within each subregion and improve the model
performance and prediction accuracy [9,12,15]. Therefore, in addition to the feature fusion,
training set enhancement, and upsampling of the small samples, the geographical zones
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should be involved to reduce the representative error and improve the prediction accuracy
at a large scale.

5.3. Analysis of Crop Carbon Sequestration

Figure 8 shows the estimation results of crop carbon sequestration per unit area in
2019, 2020, and 2021. Corn and rice have a stronger carbon sequestration capacity per unit
area compared to peanuts, soybean, and other crops. The carbon sequestration capacity of
corn, peanuts, and other crops decreased due to the continuous precipitation and reduced
production. In this study, we used the average yield in the statistical yearbook to estimate
the results. However, it is unable to display the difference in crop carbon sequestration
in spatial distribution. As it is affected by farming patterns, it is often difficult to obtain
the measured yield of different crops. Combining the RS time-series vegetation indices
models to obtain a more accurate crop yield can further eliminate the estimation error of
carbon sequestration [4]. Moreover, the carbon sequestration model in this study does not
fully consider the physiological parameters of crops or the performance of different models,
leading to some errors in the estimation results. Soil carbon sequestration, as an important
component of the farmland ecosystem, has not been evaluated. The farmland ecosystem is
an important part of the carbon source/sink, and an increasing number of studies show
that some measures should be adopted to improve the carbon sequestration capacity, such
as by increasing the proportion of the tertiary industry, optimizing crop structure, and
increasing green areas [22,37]. In a word, to accurately assess crop carbon sequestration
and promote the process of carbon neutrality, we need to collect more detailed data and
build a rigorous mechanism model simultaneously.
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Figure 8. Estimation results of crop carbon sequestration per unit area in 2019, 2020, and 2021.

5.4. Limitations and Future Work

Many deep learning approaches based on domain knowledge and expertise have
been designed to segment and classify the land use and crops from RS imagery [29,34].
The variance in geographical categories and meteorological conditions constrained the
generalizability and transferability of semantic segmentation methods, especially in large-
scale crop mapping applications [9]. In the classification task, many factors, such as
differences in terrain, crop types and phenology, and imagery style would affect the transfer
learning performance of the training model. According to Tobler’s first law of geography,
these limitations lead to crop segmentation and classification models that can only be
applied within a certain geographical area. Wang et al. [9] noted that it was necessary
to construct geographical zones to reduce the representative error on the transferable
learning model of crop classification on a large scale. In addition, a satisfactory result can
be achieved by using histogram matching, or histogram specification, which was utilized
to adjust the characteristics from the different dates and imaging conditions. Therefore, the



Remote Sens. 2022, 14, 5216

17 of 19

actual transfer of a deep learning model to a larger spatiotemporal scale may be challenging
because of different factors, such as crop types, phenological period, and upsampling of
small samples.

The experimental results showed that the upsampling of small samples improved
the model performance. However, the upsampling times of different categories should
be further analyzed to alleviate the imbalance problem, such as the lower accuracy of
greenhouses. Furthermore, feature selection was based on several studies rather than the
feature sensitivity analysis or importance evaluation. The representative samples caused by
extreme weather or other disasters should be increased to improve the generalization and
robustness capability of the model. Moreover, the proposed model also had shortcomings
on a larger scale. The prediction results of the UNet++ model with feature fusion and
upsampling methods in the rice-growing area of Xinyang City (approximately 4° latitude
difference from Site C) were not satisfactory. Therefore, combined with the digital elevation
model and crop phenological data, it is necessary to divide the large region into different
subregions with relatively consistent crop planting conditions to avoid representativeness
error propagation and improve the model performance and classification accuracy.

6. Conclusions

An end-to-end transferable learning model based on the UNet++ architecture is pro-
posed for crop classification in complex agricultural areas. First, based on the feature
fusion and upsampling of small samples, the UNet++ model yields the best performance
and classification accuracy when compared to UNet, DeepLab V3+, and PSPNet, with a
lower joint loss value and higher mIoU value of 0.432 and 0.871, respectively. The OA and
macro F; values of the UNet++ model based on the spatiotemporal transfer experiment
are higher than 83% and 58%, respectively. Subsequently, according to the three-year time
series classification results and reclassification rules, the disaster area in 2021 accounted
for about 3.48% of the total area and was concentrated in the middle part of the study
area. Finally, the total carbon sequestration of the five target crops in 2019, 2020, and
2021 was estimated by integrating statistical data, with the values of 2460.56, 2549.16, and
1814.07 thousand tons, respectively. These results can provide data and method support
for damage assessment and carbon sequestration assessment in farmland ecosystems. The
prediction classification accuracy without prior knowledge available from ground sam-
ples proves that the improved UNet++ model can provide better spatiotemporal transfer
learning capability with respect to the baseline models. The transferable learning model is
suitable for automatically extracting regional crop information from multi-feature imagery
to produce near-real-time crop maps. The experimental conclusion can provide a method
reference to RS segmentation and classification, and offer inspiration for understanding the
crop carbon sequestration in farmland ecosystems.
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