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The field of computer vision has shown great potential for the identification of
crops at large scales based on multispectral images. However, the challenge in
designing crop identification networks lies in striking a balance between
accuracy and a lightweight framework. Furthermore, there is a lack of accurate
recognition methods for non-large-scale crops. In this paper, we propose an
improved encoder-decoder framework based on Deeplab v3+ to accurately
identify crops with different planting patterns. The network employs ShuffleNet
v2 as the backbone to extract features at multiple levels. The decoder module
integrates a convolutional block attention mechanism that combines both
channel and spatial attention mechanisms to fuse attention features across the
channel and spatial dimensions. We establish two datasets, DS1 and DS2, where
DS1 is obtained from areas with large-scale crop planting, and DS2 is obtained
from areas with scattered crop planting. On DS1, the improved network achieves
a mean intersection over union (mloU) of 0.972, overall accuracy (OA) of 0.981,
and recall of 0.980, indicating a significant improvement of 7.0%, 5.0%, and 5.7%,
respectively, compared to the original DeeplLab v3+. On DS2, the improved
network improves the mloU, OA, and recall by 5.4%, 3.9%, and 4.4%, respectively.
Notably, the number of parameters and giga floating-point operations (GFLOPs)
required by the proposed Deep-agriNet is significantly smaller than that of
Deeplab v3+ and other classic networks. Our findings demonstrate that Deep-
agriNet performs better in identifying crops with different planting scales, and
can serve as an effective tool for crop identification in various regions
and countries.
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multispectral image, crop identification, feature extraction, encoder-decoder,
lightweight, DeepLab v3+

01 frontiersin.org


https://www.frontiersin.org/articles/10.3389/fpls.2023.1124939/full
https://www.frontiersin.org/articles/10.3389/fpls.2023.1124939/full
https://www.frontiersin.org/articles/10.3389/fpls.2023.1124939/full
https://www.frontiersin.org/articles/10.3389/fpls.2023.1124939/full
https://www.frontiersin.org/articles/10.3389/fpls.2023.1124939/full
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org
http://crossmark.crossref.org/dialog/?doi=10.3389/fpls.2023.1124939&domain=pdf&date_stamp=2023-04-18
mailto:taosheng.x@gmail.com
https://doi.org/10.3389/fpls.2023.1124939
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/plant-science#editorial-board
https://www.frontiersin.org/journals/plant-science#editorial-board
https://doi.org/10.3389/fpls.2023.1124939
https://www.frontiersin.org/journals/plant-science

Hu et al.

1 Introduction

Timely identification of large-scale crops is vital for agricultural
production, which can provide an important basis for yield
estimation, structure adjustment and optimization of agricultural
management (Becker-Reshef et al., 2010). The traditional
identification methods of farm crops are mainly based on
statistical statement, but the outdated method restricts
identification efficiency and increases labor costs (Tan et al,, 2020).
Recently, a variety of automated detecting technologies have been
proposed in crop identification and achieved lots of successful
applications (Waldhoff et al.,, 2017; Longato et al., 2019; Xu et al.,
2019). Remote sensing, as a large-scale non-contact monitoring
technology, plays an extremely important role in modern
agriculture (Shi et al., 2019). Identification of farm crops in remote
sensing images in large-scale farmland can obtain the spatial location
information of farmland and the ground attachment. The related
information helps agricultural administrators to figure out the
distribution and planting structure of regional species from a
macro perspective, thereby formulate more accurate and efficient
agricultural policies.

Crop identification based on remote sensing has been a research
theme of considerable interest, which is of great value in the field of
precision agriculture. With the development of image processing
and artificial intelligence, the technologies of crop identification can
be summarized into three streams. In the first stream, the
traditional remote sensing feature extraction is mainly based on
spectral, spatial, and temporal features (Zhang et al., 2016; Qiong
et al,, 2017; Sun et al,, 2019b). Tian et al. (2021a) analyzed spectral
characteristics and vegetation indices at each growth stage of crops
and used reasonable thresholds to screen these parameters and
successfully identified winter wheat and garlic planting areas. The
result shows that varying vegetation indices could effectively
distinguish crops with different spectral characteristics. Li et al,
(2015) used the Stepwise Discriminant Analysis (SDA) method for
feature selection from the Landsat MODIS Enhanced time series
data and screened out 10 optimal features for crop classification. In
the second stream, Machine learning methods are widely used in
the field of large-scale crop identification due to their heuristic
learning strategy and accelerated training mechanism (Jia et al,
2019; Zhang et al., 2019; Tian et al., 2021b). Zheng et al. (2015)
applied Support Vector Machines (SVMs) to time-series Landsat
images of Arizona to test its ability to discriminate between multiple
crop types in a complex cropping system. Han et al. (2022)
extracted relevant features of corn lodging regions and proposed
the SMOTE-ENN-XGBoost model based on the Synthetic Minority
Oversampling Technique (SMOTE) and Edited Nearest Neighbor
(ENN) methods, which showed an F1 score of 0.930 and a recall rate
of 0.899 on the lodging detection test set. With the proposal of the
Convolutional Neural Network (CNN), deep learning leads the
third stream for crop identification using remote-sensing images
(Kuwata and Shibasaki, 2015; Wang et al., 2020; Yuan et al., 2020).
Yu et al. (2022) improved the U-Net network by introducing the
Involution operator and Dense block module and proposed a wheat
lodging evaluation method based on UAV multispectral images.
Kussul et al. (2017) proposed a multi-level Deep Learning (DL)
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method using multi-temporal land cover and crop type
classification to identify crops in a heterogeneous environment,
achieving a target accuracy of 85% for major crops. The proposal of
attentional mechanisms has dramatically advanced the field of deep
learning. Naturally, this ingenious mechanism has also been widely
used for crop identification with great success (Jin et al., 2021).
Wang et al. (2022) proposed a novel architecture called Coupled
CNN and Transformer Network (CCTNet), which combines the
local details of CNN and the global context of the transformer to
achieve a 72.97% mloU score on the Barley remote-sensing dataset.
Lu et al. (2022) proposed a deep neural network with Dual
Attention and Scale Fusion (DASFNet) to extract farmland from
GF-2 images of southern Xinjian. The result shows that the dual
attention mechanism module can correct the shape and boundary
of the fields effectively.

The above methods show excellent performances in their
respective datasets. However, these datasets are mainly derived
from areas where crops are grown on a large scale. In fact, the
vast majority of China’s regions are planted discretely, and the plots
under this type of planting are relatively tiny, making it difficult for
existing networks to achieve high-precision crop identification. In
addition, a high-precision network is often accompanied by a
considerable amount of parameter calculation, which is difficult
to be applied to low-end agricultural equipment. Therefore, a highly
accurate and lightweight neural network is urgently needed for
agricultural production.

In this paper, we proposed a lightweight attention-based
encoder-decoder framework for crop identification, and
summarize the contributions of this paper as follows:

* Designed a lightweight network structure with much
smaller parameters and floating-point of operations than
DeepLab v3+ and other classical networks.

* Got an excellent identification accuracy, which can reach
more than 98% accuracy in large-scale plots and more than
97% accuracy in small-scale plots.

*  We also built two datasets corresponding to regular large-
scale plots and irregular small-scale plots to test the
performance of the Deep-agirNet in different environments.

2 Materials and methods

2.1 Study area

As the most important winter crop in China, especially in the
Yangtze River basin, winter wheat and canola have similar planting
cycles, generally sown in September to October and harvested in
April to May of the following year. Given that winter wheat and
winter canola are important components of the agricultural
economy, it is significant to know the distribution of these two
crops for agricultural production and policy making. In this paper,
two representative regions in the middle and lower reaches of the
Yangtze River in China are selected as study areas, and their
geographical locations are shown in Figure 1:
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(A) Locations of the study areas in China (red), (B) Sentinel-2 image of the first study region, (C) Sentinel-2 image of the second study region.The red

hollow rectangle shows the crop cultivation in the two regions.

The first rectangular study area T49RFQ is bounded by
longitudes 112°0" to 113°10" E and latitudes 30°40" to 31°40' N
which mainly belongs to Jingmen City, Hubei Province. Jingmen
City is planted on a large scale with regular and continuously
distributed plots, which makes it easy to plant and harvest. The
second rectangular study area, T50SNA, is bounded by longitudes
117°0" to 112°10" E and latitudes 31°30" to 32°30' N which mainly
belongs to Hefei, Anhui Province. Hefei is planted discretely, with
small and scattered plot sizes and low land use.

2.2 Remote sensing images processing

Sentinel 2 is a high-resolution multispectral imaging satellite
built by the European Space Corporation and consisted of the
“twin” satellites Sentinel 2A and Sentinel 2B. The remote sensing
images taken by the Sentinel satellites contain 13 bands with
different spatial resolutions (10m, 20m, 60m). In this study, all
bands except Band 1 (Coastal aerosol), Band 9 (Water vapor), and
Band 10 (SWIR-cirrus), which have the lowest spatial resolution,
were screened and excluded, and a bilinear interpolation algorithm
was applied to Band 5, 6, 7 (Red edge), Band 8b (Narrow NIR) and
Band 11, 12 (SWIR) are resampled to a spatial resolution of 10m,
and then these bands are fused to obtain a 10-channel remote
sensing image with 10m spatial resolution.

Since crops of different planting scales will have different Digital
Number (DN) distributions in remote sensing images, as shown in
Figure 2. To reduce the errors caused by DN, percentage linear
stretching is adopted in this study for each band of T50SNA:
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DN - miny,
max, i

result = X (Maxy,, — ming,) + ming, (1)

in — MMy

here max;,, and min;, represent the maximum and minimum of
DN of the stretched image, then max,,,, and min,,, represent the set
maximum and minimum of DN, respectively. Specifically, the
maximum and minimum values of DN of T49RFQ are setas the
upper and lower limits of pixel values. Then, the other image is
linearly stretched to the set range so that the DN of the two images

is finally distributed in the same range to reduce the deviation.

2.3 A lightweight encoder-decoder
network based on Deeplab v3+

Since the first time used fully convolutional neural networks
(Long et al., 2015) for end-to-end segmentation of natural images,
semantic segmentation tasks for pixel-level classification have
achieved leap-forward development. The vast majority of state-of-
the-art (SOTA) segmentation networks, such as U-Net
(Ronneberger et al., 2015), PSPNet (Zhao et al., 2017), DeepLab
(Chen et al., 2017), and HRNetv2 (Sun et al., 2019a) are built based
on encoder-decoder architecture. As an excellent semantic
segmentation model with the encoder-decoder structure, DeepLab
v3+ (Chen et al, 2018) is widely used in the field of semantic
segmentation of remote sensing images. The part of the decoder
includes Atrous Spatial Pyramid Pooling (ASPP) and an improved
Xception module, where the ASPP module can control the size of
the perceptual field by adjusting the expansion coefficient to capture
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The Digital Number distribution plot of a multispectral of (A) the first study region of T49RFQ, (B) the second study region of TSOSNA. Solid lines
represent means and shaded areas represent one standard deviation from the mean.

the features at different scales. Then, two quadruple upsampling are
used in the decoder part, where the first upsampling concatenates
the low-dimensional features from the decoder and encoder to
make features fusing, and the second upsampling restores the
concatenated result to the same scale of inputs and classifies each
pixel to obtain the segmentation result finally.

Despite the excellent performance of DeepLab v3+, it is hard to
accept for agricultural production due to the large parameters.
Considering a network serving agricultural production must
balance accuracy and parameters, we made a lightweight
improvement to DeepLab v3+ and named the improved network
as Deep-agriNet.

As shown in Figure 3, the improvement of the network is
mainly reflected in the following parts: In the encoder part, we
chose ShuffleNet v2 (Ma et al., 2018), an advanced lightweight
network architecture, as the feature extractor of Deep-agriNet. The
design of ShuffleNet v2 is based on four network design criteria:

* Keeping the numbers of input and output channels equal
minimizes memory access cost.

* A large group number used in group convolution increases
computational cost.

* Complex network structure (abuse of branches and basic
units) reduces the degree of network parallelism.

* The costs of element-wise operations cannot be neglected
either.

The operation of channel split was used in the basic shuffle unit
of ShuffleNet v2. Then, it divided input channels evenly into two
branches to replace the group convolution. As shown in Figure 4A,
one branch of the basic shuffle unit does nothing to reduce network
computation, and the other branch maintains the same number of
channels in each convolution. The shuffle unit for spatial down
sampling, as shown in Figure 4B, removes the channel split and
doubles the number of output channels compared to the input

Deep-agriNet

Encoder Decoder
ShuffleNet v2 ASPP
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FIGURE 3
The framework of the Deep-agriNet.
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The structure of (A) Convolutional Block Attention Module, (B) Channel Attention Module, (C) Spatial Attention Module.

channels. In addition, the outputs of both shuffle unit are no longer
an add operation between elements but a concatenation, which can
fuse the extracted features or output information instead of simple
superposition. Finally, the results of concatenation are shuffled at
the end of the basic unit by the channel shuffle operation to increase
the information exchange between channels, thus improving the
network performance.

In the decoder part, a Convolutional Block Attention Module
(CBAM) (Woo etal., 2018) was added to the DeepLab v3+ decoding
module. As a “plug-and-play” lightweight convolutional attention
module, CBAM is composed of a Channel Attention Module
(CAM) and a Spatial Attention Module (SAM) in series, as
shown in the Figure 5.

In the channel attention module, both the operation of average-
pooling and max-pooling are used simultaneously to generate
average-pooled features and max-pooled features. Then, the two

kinds of features are forwarded to a Multiple-layer Perceptron
(MLP) to share feature. The output features of MLP are merged
by element-wise summation and then activated by a sigmoid
function to generate the channel attention feature maps M.(F). In
short, the detailed operation to obtain channel attention can be
computed as:

M(F) = o(MLP(AvgPool(F)) + MLP(MaxPool(F))) (2)

In the spatial attention module, the output features of CAM are
taken as the input feature of SAM. Firstly, twice operations of
pooling based on channels are used to aggregate channel
information and generate average-pooled features and max-
pooled features. Then, these features are concatenated and
convolved by a standard convolution layer and produce the
spatial attention feature map M(F). In short, the detailed
operation to obtain spatial attention can be computed as:

Channel Shuffle

4

FIGURE 5

The structure of (A) basic unit, (B) unit for spatial down sampling.
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M_(F) = o(f”*"|AvgPool(F); MaxPool(F)]) 3)

Where o is an activation function of sigmoid, F denotes the
input feature, and f*” denotes a convolution operation with the
filter size of 7 x 7.

In addition, some simple but effective adjustments are applied to
the network improvement. Specifically: (a) The channels of input layer
of the encoder were modified to ten layers because of the multispectral
remote-sensing images containing more feature information than the
traditional 3-channel RGB images (Zhao et al.,, 2022). (b) It is worth
noting that the continuous large-scale upsampling is not conducive to
obtain a satisfactory segmentation result, so we replaced the second 4-
fold upsampling in thedecoder section with a 2-fold upsampling and a
transpose convolution (Luo et al., 2021).

To extract richer multi-level features from the encoder, Deep-
agriNet defined the low-level, mid-level and deep-level features in
different scales to represent the extracted features by the Convl,
Maxpooling and Stage3 in the ShuffleNet v2, respectively. The
specific process of this network could be described as below. Firstly,
our network took 10-bands remote sensing images of 512 x 512 pixels
as input and then processed by a 3 x 3 convolution layer with a stride of
2x 2 in the encoder module to obtain the low-level features of 256 x 256
pixels. These low-level features are then passed through a max-pooling
layer to obtain mid-level features of 128 x 128 pixels. With the forward
transmission of data, these intermediate features are down-sampled by
multiple Shuffle blocks to obtain the deep-level features of 32 x 32 pixels.
To obtain multi-scale fusion features, the deep-level features flow to an
ASPP module of the decoder, where the input features are processed in
parallel and concatenated by dilated convolutions with different dilation
rates to capture the multi-scale information. Subsequently, the ASPP
output information is passed through a single quadrupling up-sampling
layer and a CBAM module in turn, resulting in 128times128 pixels
feature with channel and spatial attention. These features are
concatenated with the mid-level features in the encoder to reduce the
loss of detail caused by multiple convolutions. After a 2-fold up-
sampling, the concatenated features arerestored to 256 x 256 pixels
and then concatenated with the low-level features in the encoder to fuse
different level features from low to deep. Finally, the fused results are
processed by transposed convolution to obtain the predicted image of
pixel-level classification with 512 x 512 pixels.

2.4 Data acquisition

In this study, the remote sensing images of the T49RFQ area
were cropped according to the size of 512 x 512 pixels, and 380
small-size patches were obtained in total. Since some patches did
not contain crops or the cropped area is extremely tiny, we filtered
and removed the data where the crop coverage was less than 30% of
the total area. Finally, 100 patches were retained as dataset DS1. The
same treatment was used on the T50SNA region to build dataset
DS2, aiming to verify whether large-scale cropping affects the
identification performance of the network. Then, we used the
ArcMap program to annotate each pixel of the patches. When a
pixel belongs to winter canola, its value is assigned as 1; when a pixel
belongs to winter wheat, its value is assigned as 2, and in the rest
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cases, its value is assigned as 0. Finally, we obtained the same
number of single-channel images corresponding to the patches on
the dataset and used it as the annotation of the dataset. Prior to
training, the dataset was split into training set and validation set
randomly with a 7:3 ratio, which could reduce the imbalance of data
and improve the network’s generalization ability.

2.5 Model training

During the training process, Back Propagation (BP) algorithm
(LeCun et al, 2015) and Adaptive Moment Estimation (Adam)
(Kingma and Ba, 2014) algorithm were adopted to speed up and
optimize the convergence rate of Deep-agriNet. Since Deep-agriNet
is a multi-class crop identification network, the multi-class cross-
entropy loss function was used to calculate the loss between the
predicted result and the true value of each epoch:

N

Loss(y,y) = —Elyi log ¥ (4)

where y; is the true value of a category whose value is 0 or 1, y; is

the predicted probability of the category whose value is distributed

between 0 and l,and N represents the category contained by the

sample. Usually, the Learning Rate decays gradually during

training, so we adopted the Polynomial Learning Rate Policy

(Mishra and Sarawadekar, 2019) to dynamically adjust the
learning rate:

epoch

power
max_epoch) )

Ir = base _Ir x (1 -

where Ir is the dynamic learning rate, base_Ir is the baseline

learning rate, epoch is the current number of iterations, max_epoch

is the maximum number of iterations, and power is the power of
the polynomial.

To prevent overfitting during training, we employed the
operations of rotation, mirroring, and adding noise to augment
the dataset to improve the generalization ability and robustness of
the model. Meanwhile, the same operations were applied to the
annotation as well.

2.6 Evaluation metrics

To evaluate the performance of Deep-agriNet, overall accuracy
(OA), mean intersection over union (mlIoU), and recall as evaluation
metrics were used in this experiment. mIoU is one of the most basic
metrics to evaluate the performance of semantic segmentation, and it
represents the average of the ratio of the intersection and union of the
predicted and true values for all classes:

1 NP NG

mloU = —
NZ’PZ-UG,-

(6)
where N is all categories of the sample including background. P

and G are predicted and true pixels of a sample, respectively. OA
represents the proportion of correctly classified pixels to all sample

frontiersin.org


https://doi.org/10.3389/fpls.2023.1124939
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Hu et al.

pixels. Recall represents the proportion of correctly classified pixels
to all positive sample pixels:

OA - TP + TN @
" TP+ TN + FP+ FN
TP
l=—""
reca TP+ EN (8)

where TP is True Positive, indicating correct classification of
pixels and positive predicted outcomes, FP is False Positive,
meaning that the negative pixel is divided into positive samples,
TN is True Negative, indicating the real background area is
identified as the background area, and FN is False Negative,
which represents the positive pixel is divided into negative samples.

Additionally, we introduced some metrics to evaluate the
lightness of the network. The parameter is a commonly used
evaluation metric for lightness of a network, which can measure
the complexity of a model and the consumption of memory in
computation. Theformula of parameter is shown as follow:

parameter = K X K x C;, X Cyyy )

where the K x K means the size of kernel, and the C;,, and C,,,
represents the number of input channels and output channels,
respectively. In addition, the FLOPs which stands for floating-point
of operations is a measure of network complexity. The FLOPs can
be computed as:

FLOPs = K x K x C;, X H,,,; X Wy, X C, (10)

where H,,, and W, represents the height and width of the output
feature map. In this paper, we used the giga floating-point operations
(GFLOPs, 10° x FLOPs) to measure the complexity of network.

2.7 Hyperparameters and environment
setting

To obtain more effective hyperparameters, we set the base
learning rate to 0.0005, 0.001, 0.005, and 0.01. and batch size to 4,
8, 16, and 32, respectively. After several training sessions, the best
results were obtained when the base learning rate was 0.001 and the
batch size was 4. This experiment was trained on the Linux
platform, and the deep learning framework used was Google’s
open-source TensorFlow, and the GPU used for training was
24GB Nvidia GeForce GTX3090Ti.

3 Results

3.1 The comparison of lightweight
between Deep-agriNet and other methods

To verify the effectiveness and superiority of the Deep-agriNet
in terms of lightness, we calculated the parameter, GFLOPs and
Inference Time(IT) for Deep-agriNet and other methods, and the
results are shown in Table 1. From this table, it can be seen that
HRNetv2 has the most parameters at 65.94M, while U-Net has the
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TABLE 1 The lightweight metrics for Deep-agriNet and other methods.

Method Backbone Parameters(M) = GFLOPs  I[T(s)
U-Net VGG-16 249 450.64 1.8
PSPNet ResNet-50 46.77 116.5 2.7
DeepLab v3+ Xception 54.2 103.16 3.1
HRNetv2 HRNetv2-W48 65.94 169.94 9.4
Deep-agriNet ShuffleNetv2 3.89 47.5 24

The bold values indicate the highest scores in the experiments.

most GFLOPs at 450.64. In comparison, Deep-agriNet has
significant advantages in evaluation metrics, parameters and
GFLOPs, which are only 3.89M and 47.5. Moreover, the IT of
Deep-agriNet is roughly comparable to that of U-Net (2.4 vs 1.8s).

In addition, we adopted a scatter plot better visualize the trade-
off between accuracy and complexity and clarify the superiority of
the proposed model Deep-agriNet. In the scatter plot, the x-axis
indicates OA and the y-axis indicates GFLOPs. As shown in
Figure 6, Deep-agriNet expresses the higher accuracy and lower
GFLOPs than the other benchmark methods which means more
lightweight and accurate of the proposed network.

3.2 The performance of Deep-agriNet for
crop identification

The loss function curve can reflect the robustness and accuracy
of the network. The smoother the curve is, the better the robustness
of the model, and the smaller the loss value, the higher the accuracy
of the model. The annotated DS1 was fed into Deep-agriNet and
other methods for training. After 50 epochs, the loss convergence
curves are shown in Figure 7. It clearly demonstrates that the cross-
entropy loss tends to decrease with increasing epochs. According to
the results in Figure 7, it can be seen that the Deep-agriNet based on

500

U-Net
[ ]

400 -

300
«
B
<}
=
<

2001 TIRNetv2

[
PSPNet
DeepLabv3+ °
100 A L4
Deep-agriNet(ours)
*
0 T T T T 1
0.90 0.92 0.94 0.96 0.98 1.00
Overall Accuracy
FIGURE 6

The scatter plot of accuracy and complexity of the networks on
DS1.
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The convergence curves of Deep-agriNet and other methods.

DeepLab v3+ has more stable performance and higher accuracy in
the training process.

To further analyze the performance of Deep-agriNet, this
experiment compared these methods in terms of more evaluation
metrics on accuracy, and the specific experimental results are shown
in Table 2. From this table, it can be seen that Deep-
agriNetperforms best in all aspects, where mIoU, OA, and recall
is 0.972, 0.981, and 0.980. This results are significant improvement
of 7.0%, 5.0% and 5.7% over the original DeepLab v3+, and slightly
better than the next best performer U-Net by 0.8%, 0.6%,and 0.6%.

The Figure 8 shows the identification results of Deep-agriNet
and other methods for winter wheat and winter canola on DSI,
where the yellow markers represent the winter canola planting area,
the green markers represent the winter wheat planting area, and the
gray markers represent the background. To show the prediction
results of different methods more clearly, the marked patch1, patch2
and patch3 in the figure are enlarged to observe the details of the
images. Comparing the original images and theprediction of multiple
methods, the crop planting areas identified by U-Net, PSPNet and
Deep-agriNet are highly consistent with the original images. Both the
paths in the fields and the edges of the plots can be predicted with
clarity. In contrast, the identification results of DeepLab v3+ and
HRNetv2 are much worse. In patchl, the majority of the roads are
not identified, and in patch2 and patch3, almost all the plots have
different degrees of missing boundaries.

To further demonstrate the predictive capability of Deep-
agriNet on the area with irregular small-scale plots, we trained

TABLE 2 Comparison of the identification results of different methods
on DS1.

Method mloU OA Recall
U-Net 0.964 0.975 0.974
PSPNet 0.962 0.974 0.973
DeepLab v3+ 0.902 0.931 0.923
HRNetv2 0.930 0.951 0.949
Deep-agriNet 0.972 0.981 0.980

The bold values indicate the highest scores in the experiments.
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and validated it on DS2. As shown in Table 3, Deep-agriNet still
hold the best results in the respect of mIoU, OA, and recall with
0.961, 0.974, and 0.973, respectively. Figure 9 shows the prediction
results of different methods for winter wheat and winter canola on
DS2. From the local magnification results of patchl, patch2 and
patch3, Deep-agriNet still shows excellent performance on
background identification and can predict the roads in the plots
clearly. However, compared with the results on DS1, it can be
obviously found that the model is less effective in irregular plots
prediction and there is a slight phenomenon of boundaries missing.
Comparing the identification results in Figures 8, 9, Deep-agriNet
performs better for crop identification with different planting scales.

3.3 Ablation study

To validate the role of CBAM in this network, The Deep-
agriNet without CBAM was used as the baseline, and the two
networks were trained with the same hyperparameters such as
baseline learning rate and training epochs. As shown in Table 4, the
network with CBAM is slightly improved in all aspects, including
0.8%, 0.6% and 0.6% for mIoU, OA and recall respectively on DSI.
In addition, the parameters of the network only increased by 0.2M
after adding CBAM. Figure 10 shows the identification results of
winter wheat and winter canola on DS1 before and after adding
CBAM. As shown in the figure, CBAM was able to focus attention
on the areas where winter wheat and winter canola were mixed and
clearly identified plots of several pixel widths. In contrast, the
network without CBAM was only able to identify fuzzy outlines
but was unable to identify cross-planted plots.

4 Discussion

4.1 Effects comparison between DeeplLab
v3+ and improved network

In this study, DeepLab v3+ was used as the base crop
identification network, and a series of improvements were made
on its basis. Finally, Deep-agriNet, the improved network, was
applied to spring crop identification. Firstly, the backbone of
DeepLab v3+, Xception, was replaced with ShuffleNet v2, a more
advanced feature extractor. Based on this improvement, the
identification accuracy was significantly improved, with mIoU,
OA and recall improving by 6.3%, 4.5% and 5.1% on DSI.
Meanwhile, the number of parameters and GFLOPs were also
greatly optimized, much smaller than DeepLab v3+ and other
methods. These performance improvements are mainly attributed
to the following two factors: (a) the channel split method proposed
by ShuffleNet v2 makes the input channels to be divided into two,
with one part being passed down directly and the other part
participating in the convolution operation, and finally the two
parts are reassembled to reuse features. (b) ShuffleNet v2
transforms the elementwise add operation in depthwise
convolution into a concatenation operation and replaces the
grouped convolution with the ordinary convolution to greatly
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Background

Winter wheat

(.

Winter canola

FIGURE 8

The original images and clipped regions of the experimental area on DS1 and the prediction results of different methods. (A) original image, (B)
prediction result of U-Net, (C) prediction result of PSPNet, (D) prediction result of DeeplLab v3+, (E) prediction result of HRNetv2, (F) prediction
result of Deep-agriNet.

TABLE 3 Comparison of the identification results of different methods

on DS2. TABLE 4 Comparison of the identification results of Deep-agriNet
before and after adding CBAM.

Method mloU OA Recall

Method OA  Recall Parameters
U-Net 0.956 0.967 0.963

Deep-agriNet without CBAM 0.964 0.975 0.974 3.87
PSPNet 0.954 0.965 0.965

Deep-agriNet 0.972 0.981 0.980 3.89
DeepLab v3+ 0.907 0.935 0.929
HRNetv2 0.921 0.945 0.943
Deep-agriNet 0.961 0.974 0.973

The bold values indicate the highest scores in the experiments.

Background

Winter wheat

(I

Winter canola

FIGURE 9

The original images and clipped regions of the experimental area on DS2 and the prediction results of different methods. (A) original image, (B)
prediction result of U-Net, (C) prediction result of PSPNet, (D) prediction result of DeeplLab v3+, (E) prediction result of HRNetv2, (F) prediction
result of Deep-agriNet.
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Background

Winter wheat

Winter canola

FIGURE 10

The original images and clipped regions of the experimental area on
DS1 and the prediction results of the network with CBAM. (A)
original image, (B) labeled image, (C) Deep-agriNet without CBAM,
(D) Deep-agriNet (with CBAM).

reduce the amount of computation. Then, A CBAM module was
added between the encoder module and the decoder module in this
study. Based on this improvement, the performance of mIoU, OA
and recall has been improved slightly at the cost of a small
computational cost. Specifically, on DS1, mIoU, OA, and recall
are improved by 0.7%, 0.5%, and 0.6%, respectively, and the number
of parameters hardly increased. As shown in Figure 10, although the
improvement of evaluation metrics is quite small, the identification
performance is improved considerably, and the phenomenon of
missing edges and misidentified mixed-species regions is
significantly improved compared with that before the improvement.

4.2 Result analysis of different areas

To investigate whether large-scale planting will affect the network
performance, two regions, T49RFQ and T50SNA, were selected for
this experiment, and Deep-agriNet was used to train DSI and DS2
corresponding to the two regions. As shown in the Tables 2, 3, Deep-
agriNet has a better identification effect on the T49RFQ region of
large-scale planting. Compared with the training results of DS2, the
mloU, OA and recall of DS1 increased by 0.9%, 0.7% and 0.7%,
respectively. The author believes that the attention mechanism can
capture the context dependence, and the data in DSI has stronger
spatial continuity. Even after multiple feature extraction, there is still
a strong context dependence, which is beneficial to the decoder to
infer the category of surrounding pixels through this dependence, and
therefore the identification effect is improved.

5 Conclusions

In this paper, we proposed an improved lightweight network
based on DeepLab v3+ and apply the network to spring crop
identification. An advanced feature extractor, ShuffleNet v2, was
used in this network to replace the backbone of DeepLab v3+. In
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addition, a CBAM combining channel and spatial attention
mechanisms was added at the end of the encoder. In the decoder
part of the original network, a 4-fold upsampling was modified to
two adjacent 2-fold upsampling. To verify the performance of
Deep-agriNet, two datasets with different planting scales were
constructed for experiments. The experimental results show that
the Deep-agriNet exhibits better performance on both datasets, and
the parameters of the Deep-agriNet are only one-fourteenth of the
original network. The Deep-agriNet can be applied not only for
spring crop identification but also extended to other agricultural
projects, such as crop yield prediction or crop disaster detection.
However, to achieve this goal, further research on related work is
needed to improve the algorithm so that the quantification of crop
acreage can be achieved. In future work, we will try to use more
advanced networks and larger agricultural datasets to meet more
kinds of crop precision identification needs, and strive toserve our
research results more effectively in the agricultural field.

Data availability statement

The original contributions presented in the study are included
in the article/supplementary material. Further inquiries can be
directed to the corresponding author.

Author contributions

YH, AM, LZ, and TX conceived the idea and designed the
network. AM, LZ, Z], and YH contributed to collecting the dataset.
YH and AM wrote the code, validated the method, and wrote the
paper. TX, ZJ and YW revised the paper. All authors contributed to
the article and approved the submitted version.

Funding

This work was supported by the National Key Research and
Development Program of China [2021YFD2000205].

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

frontiersin.org


https://doi.org/10.3389/fpls.2023.1124939
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Hu et al.

References

Becker-Reshef, L, Justice, C., Sullivan, M., Vermote, E., Tucker, C., Anyamba, A.,
et al. (2010). Monitoring global croplands with coarse resolution earth observations:
The global agriculture monitoring (glam) project. Remote Sens 2 (6), 1589-609. doi:
10.3390/rs2061589

Chen, L.-C., Papandreou, G., Kokkinos, I., Murphy, K., and Yuille, A. L. (2017).
DeepLab: Semantic image segmentation with deep convolutional nets and fully
connected crfs. IEEE Trans. Pattern Anal. Mach. Intell. 40 (4), 834-848. doi:
10.1109/TPAMI.2017.2699184

Chen, L.-C., Zhu, Y., Papandreou, G., Schroff, F., and Adam, H. (2018). “Encoder-
decoder with atrous separable convolution for semantic image segmentation,” in
Proceedings of the European conference on computer vision (ECCV). Munich,
Germany: Springer, 801-818.

Han, L., Yang, G., Yang, X,, Song, X., Xu, B,, Li, Z,, et al. (2022). An explainable
xgboost model improved by smote-enn technique for maize lodging detection based on
multi-source unmanned aerial vehicle images. Comput. Electron. Agric. 194, 106804.
doi: 10.1016/j.compag.2022.106804

Jia, X, Khandelwal, A., Mulla, D. J., Pardey, P. G., and Kumar, V. (2019). Bringing
automated, remote-sensed, machine learning methods to monitoring crop landscapes
at scale. Agric. Economics 50, 41-50. doi: 10.1111/agec.12531

Jin, X.-B., Zheng, W.-Z., Kong, J.-L., Wang, X.-Y., Zuo, M., Zhang, Q.-C,, et al.
(2021). Deep-learning temporal predictor via bidirectional self-attentive encoder—
decoder framework for iot-based environmental sensing in intelligent greenhouse.
Agriculture 11, 802. doi: 10.3390/agriculture11080802

Kingma, D. P., and Ba, J. (2014). Adam: A method for stochastic optimization. arXiv
preprint arXiv. 1412.6980. doi: 10.48550/arXiv.1412.6980

Kussul, N., Lavreniuk, M., Skakun, S., and Shelestov, A. (2017). Deep learning
classification of land cover and crop types using remote sensing data. IEEE Geosci.
Remote Sens. Lett. 14, 778-782. doi: 10.1109/LGRS.2017.2681128

Kuwata, K., and Shibasaki, R. (2015). “Estimating crop yields with deep learning and
remotely sensed data,” in 2015 IEEE international geoscience and remote sensing
symposium (IGARSS) (Milan, Italy: IEEE), 858-861.

LeCun, Y., Bengio, Y., and Hinton, G. (2015). Deep learning. Nature 521, 436-444.
doi: 10.1038/nature14539

Li, Q., Wang, C., Zhang, B., and Lu, L. (2015). Object-based crop classification with
landsat-modis enhanced time-series data. Remote Sens. 7, 16091-16107. doi: 10.3390/
1571215820

Long, J., Shelhamer, E., and Darrell, T. (2015). “Fully convolutional networks for
semantic segmentation,” in Proceedings of the IEEE conference on computer vision and
pattern recognition. Boston, MA, USA: IEEE, 3431-3440.

Longato, D., Gaglio, M., Boschetti, M., and Gissi, E. (2019). Bioenergy and ecosystem
services trade-offs and synergies in marginal agricultural lands: A remote-sensing-
based assessment method. J. Cleaner Production 237, 117672. doi: 10.1016/
j.jclepro.2019.117672

Lu, R, Wang, N,, Zhang, Y., Lin, Y., Wu, W, and Shi, Z. (2022). Extraction of
agricultural fields via dasfnet with dual attention mechanism and multi-scale
feature fusion in south xinjiang, china. Remote Sens. 14, 2253. doi: 10.3390/
rs14092253

Luo, X,, Tong, X., and Hu, Z. (2021). An applicable and automatic method for earth
surface water mapping based on multispectral images. Int. J. Appl. Earth Observation
Geoinformation 103, 102472. doi: 10.1016/j.jag.2021.102472

Ma, N., Zhang, X., Zheng, H.-T., and Sun, J. (2018). “Shufflenet v2: Practical
guidelines for efficient cnn architecture design,” in Proceedings of the European
conference on computer vision (ECCV). Munich, Germany: Springer, 116-131.

Mishra, P., and Sarawadekar, K. (2019). “Polynomial learning rate policy with warm
restart for deep neural network,” in TENCON 2019-2019 IEEE region 10 conference
(TENCON) (Kochi, India: IEEE), 2087-2092.

Qiong, H., Wu, W.-b,, Qian, S., Miao, L., Di, C,, Yu, Q.-y,, et al. (2017). How do
temporal and spectral features matter in crop classification in heilongjiang province,
china? J. Integr. Agric. 16, 324-336. doi: 10.1016/52095-3119(15)61321-1

Frontiers in Plant Science

11

10.3389/fpls.2023.1124939

Ronneberger, O., Fischer, P., and Brox, T. (2015). “U-Net: Convolutional networks
for biomedical image segmentation,” in International conference on medical image
computing and computer-assisted intervention (Munich, Germany: Springer), 234-241.

Shi, C., Zhang, J., and Teng, G. (2019). Mobile measuring system based on labview
for pig body components estimation in a large-scale farm. Comput. Electron. Agric. 156,
399-405. doi: 10.1016/j.compag.2018.11.042

Sun, Y., Luo, J., Wu, T., Zhou, Y., Liu, H., Gao, L., et al. (2019b). Synchronous
response analysis of features for remote sensing crop classification based on optical and
sar time-series data. Sensors 19, 4227. doi: 10.3390/s19194227

Sun, K, Zhao, Y., Jiang, B., Cheng, T., Xiao, B, Liu, D., et al. (2019a). High-
resolution representations for labeling pixels and regions. arXiv preprint arXiv.
1904.04514. doi: 10.48550/arXiv.1904.04514

Tan, C., Zhang, P., Zhang, Y., Zhou, X., Wang, Z., Du, Y., et al. (2020). Rapid
recognition of field-grown wheat spikes based on a superpixel segmentation algorithm
using digital images. Front. Plant Sci. 11, 259. doi: 10.3389/fpls.2020.00259

Tian, H., Wang, Y., Chen, T., Zhang, L., and Qin, Y. (2021a). Early-season mapping
of winter crops using sentinel-2 optical imagery. Remote Sens. 13, 3822. doi: 10.3390/
1513193822

Tian, Y., Yang, C., Huang, W., Tang, J., Li, X,, and Zhang, Q. (2021b). Machine
learning-based crop recognition from aerial remote sensing imagery. Front. Earth Sci.
15, 54-69. doi: 10.1007/s11707-020-0861-x

Waldhoff, G,, Lussem, U, and Bareth, G. (2017). Multi-data approach for remote sensing-
based regional crop rotation mapping: A case study for the rur catchment, germany. Int. J.
Appl. Earth observation geoinformation 61, 55-69. doi: 10.1016/j.jag.2017.04.009

Wang, S., Chen, W, Xie, S. M., Azzari, G., and Lobell, D. B. (2020). Weakly
supervised deep learning for segmentation of remote sensing imagery. Remote Sens. 12,
207. doi: 10.3390/rs12020207

Wang, H., Chen, X,, Zhang, T., Xu, Z., and Li, J. (2022). Cctnet: Coupled cnn and
transformer network for crop segmentation of remote sensing images. Remote Sens. 14,
1956. doi: 10.3390/rs14091956

Woo, S., Park, J., Lee, J.-Y., and Kweon, 1. S. (2018). “Cbam: Convolutional block
attention module,” in Proceedings of the European conference on computer vision
(ECCV). Munich, Germany: Springer, 3-19.

Xu, H., Wang, Y., Guan, H,, Shi, T., and Hu, X. (2019). Detecting ecological changes
with a remote sensing based ecological index (rsei) produced time series and change
vector analysis. Remote Sens. 11, 2345. doi: 10.3390/rs11202345

Yu, J., Cheng, T., Cai, N,, Lin, F., Zhou, X.-G,, Du, S,, et al. (2022). Wheat lodging
extraction using improved_unet network. Front. Plant Sci. 13. doi: 10.3389/
1pls.2022.1009835

Yuan, Q,, Shen, H, Li, T, Li, Z, Li, S, Jiang, Y., et al. (2020). Deep learning in
environmental remote sensing: Achievements and challenges. Remote Sens. Environ.
241, 111716. doi: 10.1016/j.rse.2020.111716

Zhang, J., He, Y., Yuan, L., Liu, P, Zhou, X,, and Huang, Y. (2019). Machine

learning-based spectral library for crop classification and status monitoring. Agronomny
9, 496. doi: 10.3390/agronomy9090496

Zhang, X., Sun, Y., Shang, K., Zhang, L., and Wang, S. (2016). Crop classification
based on feature band set construction and object-oriented approach using
hyperspectral images. IEEE J. Selected Topics Appl. Earth Observations Remote Sens.
9, 4117-4128. doi: 10.1109/JSTARS.2016.2577339

Zhao, J., Kumar, A., Banoth, B. N., Marathi, B., Rajalakshmi, P., Rewald, B., et al.
(2022). Deep-learning-based multispectral image reconstruction from single natural
color rgb image-enhancing uav-based phenotyping. Remote Sens. 14, 1272. doi:
10.3390/rs14051272

Zhao, H., Shi, J., Qi, X,, Wang, X,, and Jia, J. (2017). “Pyramid scene parsing
network,” in Proceedings of the IEEE conference on computer vision and pattern
recognition. Honolulu, HI, USA: IEEE, 2881-2890.

Zheng, B., Myint, S. W., Thenkabail, P. S., and Aggarwal, R. M. (2015). A support
vector machine to identify irrigated crop types using time-series landsat ndvi data. Int.
J. Appl. Earth Observation Geoinformation 34, 103-112. doi: 10.1016/j.jag.2014.07.002

frontiersin.org


https://doi.org/10.3390/rs2061589
https://doi.org/10.1109/TPAMI.2017.2699184
https://doi.org/10.1016/j.compag.2022.106804
https://doi.org/10.1111/agec.12531
https://doi.org/10.3390/agriculture11080802
https://doi.org/10.48550/arXiv.1412.6980
https://doi.org/10.1109/LGRS.2017.2681128
https://doi.org/10.1038/nature14539
https://doi.org/10.3390/rs71215820
https://doi.org/10.3390/rs71215820
https://doi.org/10.1016/j.jclepro.2019.117672
https://doi.org/10.1016/j.jclepro.2019.117672
https://doi.org/10.3390/rs14092253
https://doi.org/10.3390/rs14092253
https://doi.org/10.1016/j.jag.2021.102472
https://doi.org/10.1016/S2095-3119(15)61321-1
https://doi.org/10.1016/j.compag.2018.11.042
https://doi.org/10.3390/s19194227
https://doi.org/10.48550/arXiv.1904.04514
https://doi.org/10.3389/fpls.2020.00259
https://doi.org/10.3390/rs13193822
https://doi.org/10.3390/rs13193822
https://doi.org/10.1007/s11707-020-0861-x
https://doi.org/10.1016/j.jag.2017.04.009
https://doi.org/10.3390/rs12020207
https://doi.org/10.3390/rs14091956
https://doi.org/10.3390/rs11202345
https://doi.org/10.3389/fpls.2022.1009835
https://doi.org/10.3389/fpls.2022.1009835
https://doi.org/10.1016/j.rse.2020.111716
https://doi.org/10.3390/agronomy9090496
https://doi.org/10.1109/JSTARS.2016.2577339
https://doi.org/10.3390/rs14051272
https://doi.org/10.1016/j.jag.2014.07.002
https://doi.org/10.3389/fpls.2023.1124939
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

	Deep-agriNet: a lightweight attention-based encoder-decoder framework for crop identification using multispectral images
	1 Introduction
	2 Materials and methods
	2.1 Study area
	2.2 Remote sensing images processing
	2.3 A lightweight encoder-decoder network based on DeepLab v3+
	2.4 Data acquisition
	2.5 Model training
	2.6 Evaluation metrics
	2.7 Hyperparameters and environment setting

	3 Results
	3.1 The comparison of lightweight between Deep-agriNet and other methods
	3.2 The performance of Deep-agriNet for crop identification
	3.3 Ablation study

	4 Discussion
	4.1 Effects comparison between DeepLab v3+ and improved network
	4.2 Result analysis of different areas

	5 Conclusions
	Data availability statement
	Author contributions
	Funding
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


