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Abstract: Timely and accurate acquisition of information on distribution of the crop planting structure in Loess
Plateau of eastern Gansu Province, one of the most important agricultural areas in western China, is crucial for
promoting fine management of agriculture and ensuring food security. In this study, the Object-Based Image
Classification (OBIC), the Random Forest (RF) and Convolutional Neural Network (CNN) models were
employed to classify the crop planting structure of four representative test areas in Qingyang City in a precise
manner. Firstly, different optimal segmentation scales for various crops were selected using the Estimation of
Scale Parameter 2 (ESP2) tool and the Ratio of Mean Difference to Neighbors (ABS) to Standard Deviation
(RMAS)model. The images were then segmented through multiresolution segmentation combined with the
Canny Edge Detection algorithm. Secondly, the L1 regularized logistic regression model was utilized to select
and optimize 39 spatial feature factors including spectral, textural, geometric, and index features, in
conjunction with phenological factors. Lastly, under the multi-level classification framework, the Random
Forest (RF) classifier and Convolutional Neural Network (CNN) model, combined with object-based
multiresolution segmentation, was used to classify the crop planting structure. The findings show that: Thanks
to the Canny Edge Detection algorithm, we can obtain a more complete boundary of the segmented objects
and improve the separability. The optimal segmentation scales for corn, vegetables, and buckwheat were found
to be 55, 70, and 35, respectively, while wheat and apple had optimal segmentation scales of 65. In addition to
phenological characteristics, the number of selected spatial features for corn, vegetables, buckwheat, wheat,
and apple were 9, 7, 16, 12, and 10, respectively. The CNN model demonstrated high consistency with the RF
model in the classification results, but the accuracy of RF model is higher than that of CNN model on the whole.
The overall accuracy of classification using RF model in four test areas registered 91.93%, 94.92%, 89.37% and 90.68%,
respectively. This paper introduced crop phenological factors, effectively improving the extraction precision of
shattered agricultural planting structure in the Loess Plateau of eastern Gansu Province. Its findings have important
application value in crop monitoring, management, food security and other related fields.

Keywords: gaofen images; object-based image classification; random forest; convolutional neural
network; crop classification

1. Introduction

Located in the northwest of China, Loess Plateau is a typical traditional agricultural area subject
to less precipitation, where agricultural development is dominated by dry farming[1]. Loess Plateau
of eastern Gansu Province, as a typical rain-fed agricultural region, is located in a fragile zone of
ecological environment in China, where the precipitation is unevenly distributed in time and space,
with a large annual difference and unbalanced annual distribution. Corresponding to a gradual
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increase in precipitation from northwest to southeast, the crop distribution in this region is subject to
an obvious gradient difference from southeast to northwest.[2]To name a few, apples that need plenty
of sunshine and moisture are mainly distributed in the southeast; buckwheat that is cold and
drought-tolerant and has a short growing period is mainly distributed in the northwest; corn and
wheat are the main crop types in the Loess Plateau of eastern Gansu Province, accounting for more
than 50% of the total area. They are distributed across the plateau region, more in the southeast and
less in the northwest. Fine classification of crop planting structure is of great significance for
agricultural decision-making, sustainable agricultural development and food security[3].

Boasting short detection period, low cost, wide coverage and many other advantages, remote
sensing technologies have become one of the most popular methods for mapping crop spatial
distribution at regional scale[4-6].At present, the scholars at home and abroad have conducted in-
depth and extensive studies on crop planting structure recognition mainly around key issues such as
the number of remote sensing images, image object feature[7-10], and classifier selection [11,12].

Among the classification methods based on the number of remote sensing images, crop
recognition methods are roughly divided into two categories based on single-temporal images and
time-series images, respectively. The former is designed to identify the key growing season for
crops[13], and then obtain the spatial distribution information of crops[14-16]. At present, medium
spatial resolution images represented by Landsat and Sentinel are among the most widely used
remote sensing data[17]. With suitable spatial resolution and spectral band, they contribute to an
increase in the accuracy of regional crop identification. However, as the spectrum of crop is affected
by many factors such as crop type, soil background, farming activities, as well as cloudy and rainy
weather and the information obtained from single-temporal images is limited, misclassification or
absent classification in crop identification results frequently emerges, which can not meet the needs
of high-precision crop mapping. Compared with single-temporal image classification, multitemporal
remote sensing images can map crop classifications more accurately based on a full use of the
phenological characteristics of crops. China has implemented a major project for a high-resolution
earth observation system, and successfully launched a line of domestic high-resolution satellites (GF-
1, GF-2and GF-6)[18,19]. Collaboration of domestic high-resolution satellites can effectively improve
the ability to monitor crops, and provide great potential for fine identification of crops subject to
fragmented distribution in complex areas of the Loess Plateau. For example, Zhou et al. [20] found
that it’s able to effectively extract the information of crops in rainy areas from multi-temporal GF-1
images; Xia et al. [21]used multi-temporal GF-6 images for intensive observation of crops in cloudy
and rainy areas, and worked out the rule of seasonal changes of typical crops, thus achieving high-
precision mapping of crop planting structure.

Crop classification methods based on object features mainly include pixel-level classification and
Object-Based Image Classification. Pixel-level classification focuses on locality and ignores the
correlation between objects. Salt-and-pepper noise due to the spectrum difference of in-class pixels
as well as “mixed pixels" as a result of interclass pixel proximity effect have compromised the
classification accuracy of crops to a big extent, making it difficult to meet the need for practical
applications[22,23]. With the segmented object as its basic unit, Object-Based Image Classification is
more targeted and has the advantages of reducing the amount of data involved in the operation,
smoothening the image noise, and further collecting the crop information to classify by introducing
the features of object shape, texture, etc. For example, Su et al. [24]made full use of 58 spatial feature
factors of crops, and completed high-precision classification of crops in the region using the Object-
Based Image Classification method. Karimi et al. [25]enabled high-precision crop classification of
multi-temporal Landsat remote sensing images with the object-oriented classification method.
Common crop remote sensing classifiers include but are not limited to Maximum Likelihood Method,
Support Vector Machine (SVM), and Random Forest [26-28]. In recent years, deep learning has
gradually become the mainstream algorithm in the image pattern recognition area by virtue of its
hierarchical representation of features, efficient operation and end-to-end automatic learning[29,30].
Convolutional Neural Network (CNN), as one of the fastest-developing algorithms in deep learning,
has been widely used in crop classification tasks [31-33]. Both models demonstrate good applicability
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in interpreting crop planting structures, and the classification results largely correspond to the actual
distribution. The classification results exhibit good separability, with fewer instances of
misclassification and omission, allowing for better extraction of crop information in areas with higher
heterogeneity.

As one of the prerequisites of object-based image classification, the optimal scale segmentation
of crops has a direct impact on the size of generated objects and the precision of crop extraction[34].
ESP2(Estimation of scale parameter 2, ESP 2) is the most commonly used optimal segmentation scale
tool that is able to screen out the optimal segmentation scale of different crops[35]. However, in light
of the small spectral difference between different types of crops and the great influence of noise in
the segmentation results, it is difficult to separate crops correctly only using the Multi Resolution
Segmentation technology. Cannyedge detection is able to obtain more accurate edge information and
filter noise with less time.[36,37]. In addition to combining multiple feature learning,, Object-Based
Image Classification also increases the dimension of feature space and reduces the efficiency of data
processing, of which secondary features may result in noise and even lower the classification
accuracy. For this reason, the efficient construction of feature space has become a key factor of Object-
Based Image Classification. For example, F. Low et al. [38] used Random Forest (RF) to obtain the
best features of crop classification, improving the computational efficiency and classification
accuracy. Chen Zhulin et al. [39]used three feature dimensionality reduction methods for
dimensionality reduction of crop features, i.e., Random Forest (RF), Muti-Information (MI) and L1
Regularization. It's found that L1 Regularization feature dimensionality reduction method
performed best in crop classification.

In conclusion, object-based classification and multi-temporal feature classification of high-
resolution images are the mainstream direction of studies on crop remote sensing recognition at
present. How to integrate the two is the current key scientific problem and technical difficulty. Based
on the time series remote sensing data sources of GF-1, GF-2 and GF-6, this paper conducted a case
study on four representative test areas from southeast to northwest of the Loess Plateau of eastern
Gansu Province, constructed the optimal segmentation scale set of different crops using the ESP2
tool, RMAS model and Canny Edge Detection, performed feature selection with L1 Regularization
Logistic Regression Model and sophisticated classification of crops in the test areas using the object-
based and random forest methods, and used Convolutional Neural Network to cross-verify the
results, with a view to providing new ideas and methods for regional classification of rain-fed crops
in the Loess Plateau of eastern Gansu Province.

2. Materials and Methods

2.1. Overview of the Study Area

Qingyang City is located in the Shaan-Gan-Jin plateau zone of the Loess Plateau in China, which
is named as the Loess Plateau of eastern Gansu Province. Located in the east of Gansu Province, it is
the loess plateau gully area in the middle reaches of the Yellow River, with a geographical location
of 106°20 '-108' 45 ‘E and 35°15' n-37 '10' N, and a total area of 27119 km?[40]. As a typical dry farmland
subject to rainfed agriculture in northwest China, the southern region of Qingyang City has a mild
climate that features good coordination between light, heat and water resources, making it the best
climate area for developing agricultural production in eastern Gansu Province, known as the
“Granary of eastern Gansu'. Timely and accurate acquisition of crop type, area and spatial
distribution information is of great significance for improving the crop planting structure, and
implementing precise management of agricultural production.

The spatial distribution of precipitation in the Loess Plateau of eastern Gansu Province is
characterized by more in the southeast and less in the northwest. As a result, the spatial distribution
of crop planting structure also follows certain rules, with buckwheat and other typical crops tolerant
to cold and drought distributed in the northwest, and apples and winter wheat in the southeast[41].
Phenology refers to different growth periods of crops in the growing season, during which the
growth state and physiological characteristics of crops are translated to different remote sensing
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features. These features include reflectivity, vegetation index, etc., which can be used for the
recognition of different types of crops[42]. Therefore, in crop classification and recognition, the
accuracy and reliability of crop classification can be improved by using phenological changes. Under
the double effect of climate and crop cycle, different crops vary greatly in phenological periods. To
name a few, winter wheat is usually sown in mid-September and ripened in late June of the following
year. Corn is sown in mid-April and ripened in late September. Buckwheat is sown in mid-July and
ripened in early September. Apples blossom in April-May and ripen in September-October (Figure 1).
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Figure 1. Phenological Periods of Different crops (I, II, III, IV represent the test areas where staple
crops are located).

According to the characteristics of crop distribution, four representative test areas in Qingyang
City were selected, which were located in Huanxian County (I), Zhenyuan County (II), Xifeng District
(IlT) and Ningxian County (IV) respectively, shown by the gradient distribution from northwest to
southeast. Among them, crops in test areas I and II were mainly corn, wheat and buckwheat, while
those in test areas IIl and IV were mainly corn, wheat and apple (Figure 2).
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Figure 2. Study Area (a) Geographical distribution of Loess Plateau and Gansu Province in China; (b)
Digital Elevation Model of Loess Plateau of eastern Gansu Province and distribution of representative
test areas; I, II, Il and IV represent locations in Huanxian County, Zhenyuan County, Xifeng Hot
Spring Town and Zaosheng Town, Ningxian County, respectively.

2.2. Data

High-resolution remote sensing images have attracted wide attention by virtue of their ability
to provide more detailed information on objects. Gaofen-1, 2 and 6 are the high-resolution remote
sensing satellites launched and operated by China in recent years. These satellites capable of
acquiring high precision remote sensing data [43,44]can be used to study the classification and
identification of planting structure of crops in Qingyang City. This experiment conducted a study on
crop classification with high-resolution images. The Gaofen-1 Satellite was launched in 2013, with a
panchromatic image resolution of 2m and a single satellite imaging swath width of more than 60 km.
Gaofen-2 Satellite was launched in 2014, with a panchromatic image resolution of 1m and a single
satellite imaging swath width of more than 45 km. Gaofen-6 Satellite was launched in 2018, with a
panchromatic image resolution better than 2m and a width larger than 90 km (Table 1). The
parameters of China's high-resolution remote sensing satellites include spatial resolution, width,
etc.Boasting good technical indicators and data quality, it is able to meet the needs of remote sensing
classification and recognition of crop planting structure in Qingyang City.
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Table 1. Image Data of High-resolution Satellites (I~IV represent 4 experimental areas respectively).

Name of satellite Sensor (PMS) Spatial resolution (m) Image quantity

I I m 1Iv
GF-1 PMS1/PMS2 2 /2 1
GF-2 PMS1/PMS2 1 4 1 1 4
GF-6 PMS1/PMS2 <2 /1 2

2.3. Methodology

This experiment classified four typical crops of corn, wheat, buckwheat and apples using data
sources from high-resolution images. In addition to crop types, four test areas also accommodate
some natural vegetation and artificial construction land, without lake water systems. In light of
different phenological periods of the crops, in order to classify crops based on full use of the
phenological characteristics of crops, this study proposes a multi-level crop classification method that
conducts multi-level segmentation of images with different segmentation scale parameters and then
forms an inherited hierarchical structure between object layers. By combining phenological
characteristics information of each crop in different periods, the classification of corresponding crops
at different levels is enabled.

The main steps for multi-level crop classification are as follows: First, create Level 1 based on
scale-1 segmentation, and distinguish artificial construction land, bare land and vegetation areas
according to the NDVI<0.15 threshold. In vegetation areas, classify the crops with the images of crops
at corresponding phenological periods as the base layer; in areas other than those where the crops
have been classified, re-distinguish artificial construction land, bare land and vegetation areas
according to the threshold conditions, successively create Level 2 and Level 3 in the vegetation areas,
and circulate in order until the classification of different crops is completed (Figure 3)
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Figure 3. Hierarchical network diagram of image objects.

On the basis of multi-level classification, the classification steps at each layer mainly include to
determine the optimal segmentation scale parameters of different crops using the ESP2 optimal scale
evaluation tool and RMAS model based on eCognition software and data sources from high-
resolution images, and to segment different crops combining the Canny Edge Detection results of
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different phenology periods. This paper selected 40 feature factors and took the changes in
phenological periods of different crops (NDVI ratio in phenological periods) as the phenological
feature factor in view of the great difference in phenological periods between crops, selected the
optimal spatial feature for 39 spatial feature factors other than phenological feature factors using the
L1 regularized logistic regression model, and at last used the phenological feature factors and the
selected feature factors to facilitate subsequent classification of crops.

This study selected 150 samples of corn, wheat, buckwheat and apple, and 40 samples of natural
vegetation. In order to ensure sufficient samples for verification, the samples were divided into the
training and test sets in the ration of 1:1. It employed the RF algorithm to interpret and classify the
planting structure of crops in four test areas of Qingyang City, in conjunction with CNN and object-
based optimal segmentation scale. Cross-validation was made for the results of two methods, and
the confusion matrix evaluation method as well as the overall accuracy and Kappa coefficient
accuracy evaluation parameters were used to evaluate the accuracy of two model algorithms. Figure
4 provides the technical flow chart of this test.
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Figure 4. Flowchart.

2.3.1. Canny Edge Detection

The Canny Edge Detection algorithm seeks to ensure the detected edge is close to the actual edge,
and to maintain the continuity of the detected edge. It creates as few breakpoints as possible and
effectively controls the probability of miss and false detection. The steps of the algorithm are as follows:

There is usually noise in the images, which, along with the gradient value of nearby pixels, are
relatively large, and easy to be mistakenly identified as an edge. To solve this, the Gaussian
smoothing filter is employed to lower the noise[45]. The core of Gaussian smoothing filter is Gaussian
function, whose formula is expressed as follows:

x2+y?
202

1
G(x,y) = SrgZ OXP (- ) 1)

Wherein, (x,y) denotes the coordinates of a convolution with a Gaussian kernel and o denotes
the standard deviation.

Calculate the first-order derivative of an image in X and Y directions using a 2x2 convolution
kernel to determine the gradient amplitude of the pixel and obtain the gradient of the image in the X
and Y directions.E_X E_y[46] Then the gradient magnitudeM and gradient directionOof each pixel
can be calculated with the formula as follows:
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In order to ensure the accuracy of edge detection, it's necessary to conduct Non-Maximum
Suppression. [47] This process seeks to segment the gradient values, and look for the maximum value
in the entire gradient magnitude map. Near these maxima, there may be areas called "Ridge Strip",
and these non-maxima need to be set to zero, with only the local gradient maximum retained. We
enable non-maximum suppression by calculating the local maximum of the pixel and finally identify
the pixel with the largest local gradient for retaining. Edge detection that observes the above steps
paints the true edges of an image with relative precision, but there are still edge pixels affected by
many factors. In order to avoid false edges, the Hysteresis Threshold Detection Strategy is adopted.
This strategy uses dual threshold detection to filter out some unnecessary edge information for
pixels[48,49].

2.3.2. Image Segmentation

Compared with single-scale segmentation, Multi Resolution Segmentation (MRS) is a kind of
image segmentation algorithm that forms multiple geographic object layers by fully utilizing
multiple information such as object structure, texture, spatial characteristics and the relationship
between adjacent objects, in a bid to better reflect the actual physical form of land cover
corresponding to remote sensing images[50,51]. This study employs the MRS algorithm of eCognition
Developer 10.3 software, of which the core parameters include layer weights, segmentation scale and
homogeneity criterion combination parameters, with the latter two having the most significant
influence on segmentation results. In the execution process, the MRS algorithm starts with merging a
single pixel from the bottom up, and fully optimizes the image segmentation object according to
homogeneity and heterogeneity, so as to realize pixel aggregation at different scales in the same image.

2.3.3. Optimal segmentation scale estimation

Developed by Drgu et al., Estimating the scale parameter 2 (ESP2) is a tool used to estimate the
maximum heterogeneity in image segmentation results with different scales.[52] This tool makes an
evaluation with the change rate of the segmentation scales based on the mean of global and local
variances of the image segmentation results, and the peak value of the change rate curve is the
maximum heterogeneity of the whole image object. The diversity of images often results in multiple
values of the optimal segmentation scale calculated by ESP2[53]. To this end, quantitative evaluation
is required for segmentation results using the ROC calculation method, so that the reliability and
accuracy of segmentation results can be better understood. When the ROC curve reaches a maximum
value, this scale is the optimal segmentation scale. The formula for ROC is as follows:

ROC = [%] x 100 (@)

Wherein, L denotes the local variance of the target layer; L-1denotes the local variance of the
layer next to the Ltarget layer as the base.

For the spatial and spectral feature information of medium and high-resolution remote sensing
images, measure the internal homogeneity and heterogeneity of objects based on standard deviation
and absolute mean difference, and quantify the methods that affect the quality of image segmentation
results using the Ratio of Mean Difference to Neighbors (ABS) to Standard Deviation (RMAS)
between segmentation objects and neighborhoods[54]. With RMASas the objective function, this
method selects the optimal scale from the segmentation results of different sizes. When the internal
segmented object is the identical object that is similarly spectral and textural, its internal standard
deviation value is small, largely distinguishable from the adjacent objects. At this time, RMAS is the
largest, and this scale is regarded as the optimal segmentation scale.
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Wherein: Ldenotes the number of bands of remote sensing images, w_Ldenotes band weights
corresponding to different bands, fdenotesthe number of bands, AC_Ldenotes the absolute difference
between the image object of the Lth band and the mean value of the neighborhood,
S_Ldenotesthestandard deviation of the image object of the Lth band, C_Lidenotes the gray value of
the ith pixel of the Lth band, (C_L ) denotes the band mean of the Lth band, Ndenotes the number of
pixels in the segmented object, mdenotes the number of objects adjacent to the segmented object,
kdenotes the boundary length of the segmented object, k_ijdenotes the length of the common side of

the ith image object and the jth adjacent object.

2.3.4. Feature factor

Due to the diversity of crops, they often exhibit the same spectral characteristics at certain stages.
By using the Normalized Difference Vegetation Index (NDVI) as phenological characteristics, it can
not only screen the baseline date images for specific crops, but also be used as a feature factor to
effectively distinguish different crops at specific stages[55]. In this paper, the phenological
characteristics of different crops were introduced as key factors for classification. Moreover, the study
established a complete object feature set by synthesizing spectral, texture and geometric features of
images[56,57], and preliminarily selected a total of 39 spatial feature factors covering four kinds of
features, i.e., spectrum, texture, geometry and index. The details are as follows:

(1) Spectral feature (SPEC): Including the mean of four bands of visible spectrum, namely, the mean
of red band (Mean_R), the mean of green band (Mean_G), the mean of blue band (Mean_B), the
mean of near infrared band (Mean_NIR), and the maximum difference value (Max_diff), the
brightness value (Briahtness) and the Standard Deviation (Std) of different bands.

(2) Texture features (GLCM, GLDV): Texture feature refers to the spatial relationship between gray
levels of adjacent pixels, which reflects a regional feature rather than that of a single pixel. It is
determined by the distribution of a given pixel and its adjacent pixels. The most common
methods for texture features include Glay level co-occurence matrix (GLCM) and Gray level
difference vector (GLDV). This paper selects All dir GLCM Mean, GLCM Ent, GLCM Homo,
GLCM Std, GLCM Dissim, GLCM Contrast, GLCM Ang. 2nd Moment and GLCM Corr; all dir.
GLDV and GLDV Mean, GLDV Ent, GLDV Contrast, GLDV Ang. 2nd Moment.

(3) Geometric features (GEOM): A total of 13 shape and scope features of objects, including Area,
length/Width, length, Width, Border length, Shape Index, Density, Asymmetry, Roundness,
Boundary Index, Compactness, Ellipse Fitting and Rectangle Fitting.

(4) Index features (INDE): Including Enhanced Vegetation Index (EVI), Normalized Difference
Vegetation Index (NDVI), Red/Green ratio (Red/Green, R/G), and Ratio Vegetation Index (RVI).

The details are shown in Table 2:
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Table 2. Spatial feature factor information.
Feature .
Feature variable Total/number
category
Spectral Mean_R, Mean_G, Mean_B, Mean_NIR, Max_diff. Briahtness and 10
feature Standard Deviation (four bands)
Textire GLCM Mean, GLCM Ent, GLCM Homo, GLCM Std, GLCM Dissim,
features GLCM Contrast and GLCM Ang. 2nd Moment, GLCM Corr, GLDV 12
Mean, GLDV Ent, GLDV Contrast and GLDV Ang. 2nd Moment
. Area, length/Width, length, Width, Border Length, Shape Index, Density,
Geometric . .
features Asymmetry, Roundness, Boundary Index, Compactness, Ellipse Fitting, 13
Rectangle Fitting
Index EVI, NDVI, R/G and RVI 4
features

This study selects texture, shape, geometry, index and other feature factors, refers to the actual
crop types of different crop segmentation results, and usesL1 regularized logistic regression model
to optimize the features of different crops. By constraining the weight of the model, it also generates
the sparse weight matrix and lowers the order of the polynomial to a reasonable range. In
regularization models, variables with coefficients other than zero are considered as important ones.
This regularization method helps effectively reduce the complexity and instability caused by high-
dimensional input, mitigate the risk of overfitting, and screen out important variables of practical
significance. For a given datasetD={(x_1,y_1 )-| (X 2y.2), |— (x_m,y_m)}, an embedded feature
selection model based on L1 regularization can be expressed as:

m
min Z(yi —wTx)? + A wll; ®)
=1

Wherein, wis the coefficient vector for a linear fit, Ais the regularization parameter, and llwll_1
is the first-order norm of the coefficient vector.

2.3.5. Random Forest Classification

The random forest classifier is a parameterless classifier based on random sampling technique
and multiple independent decisions. The classifier predicts the target category by building several
independent decision trees. Each decision tree is built based on a randomly-selected subset of
samples and a subset of features. Each decision tree is built based on the sub-training set extracted
through bootstap sampling of all training samples. The high error within classification of the decision
tree is calculated using the samples that fall outside the subtraining set. In the classification process,
the RF classifier synthesizes the independent prediction results of all decision trees, and determines
the most likely category of the classification target by means of voting. The following two parameters
are required for building a RF classifier: (1) The number of features n selected when building each
decision tree; (2) The total number of decision trees k. In this experiment, k is set to 100, and n is equal
to a single randomly splitting variable; the goal is to minimize generalization errors and correlations
between trees, and to prevent overfitting in the classification process [58].

2.3.6. Convolutional Neural Network

Convolutional Neural Network (CNN) is a mathematical processing model that is generated by
simulating the biological neural network structure and function. With the shared convolutional
kernel, CNN has good high-dimensional data processing capacity, and reduces complex operations
such as data preprocessing and additional feature extraction. It boasts efficient automatic feature
extraction, strong self-learning ability and high prediction precision and accuracy[59].

The CNN network is mainly comprised of the convolutional layer, pooling layer and fully
connected layer. As the core layer of the CNN network, the convolutional layer performs convolution
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operations of the input matrix through several different convolutional kernels, covering most of the
computation in the network, which obtains feature information of corresponding data via activation
function [60]. Then the ReLU (Rectified Linear Unit) activation function for the nth element of the ith
layer is expressed as:

Xi=FO) XK +bY) ®
tEMp,

Wherein: M_ndenotes the nth convolution region of the i-1st layer, X_t"(i-1)denotes an element
in this region; K_tn"i denotes the weight matrix of convolution kernel; b_n"idenotes the bias term for
the network.

The pooling layer, i.e., subsampling layer, is used to reduce the model weight parameters, enable
network lightweighting on the premise of retaining features, speed up the operation, avoid

overfitting, and output new feature information with less data [61]. Features extracted from
sampling at the pooling layer are expressed as follows:
X = f(widown(X{™) + b}) 9)

Wherein: w_n"idenotes the weight matrix of the network , anddown(X_t"(i-1) )denotes the
subsampling function. After extracting features of data information through multiple convolutional
layers and pooling layers, the fully connected layer assembles and classifies all local features by
weight matrix. Hidden layers contained in the fully connected layer can effectively improve the
model’s generalization ability.

50% samples of the test area are randomly selected as training samples according to the size of
the test area, and 64x64 pixels are set as the size of a single sample. In order to maintain the high-
resolution features of images, it only rotated the images to increase the number of samples [58]. The
rotation angle was rotated every 30° in a range between 0-330°. It's found after many tests that the
optimal effect can be achieved by setting the number of hidden layers to 3 and the convolution kernel
size to 5. Upon extraction of crops using CNN, we obtain the heatmap of classification results, set the
Membership Function range to (0-1) and then get the final results of crop classification by using the
CNN heatmap through membership degree classification in conjunction with object-based
mutiresolution segmentation.

2.3.7. Accuracy evaluation

In order to evaluate the results of two models, this paper adopts both qualitative and
quantitative dimensions. Qualitative evaluation compares the two results and cross-verifies the
quality of the two models, while quantitative evaluation evaluates the accuracy of classification results
with no less than 50% of the field validated samples in the segmentation results of the test area.

Due to the uneven quantity of samples under different categories, the confusion matrix based
on classification results was used to evaluate the accuracy, and the Overall Accuracy (OA) and Kappa
coefficient indexes were calculated. The Kappa coefficient and OA reflect the overall classification
effect, and the values of these indicators can be calculated with the confusion matrix. The greater the
indicator value, the higher the classification accuracy of the category[62]. These indicators are
calculated using the following formula:

K N..
0A =222 % 100% (10)

total
Ntotal Z€(=1 Nii - Zg(:l NL'+N+i
Niotarz — Zf:l N; N,
Wherein, N_iidenotes the number of samples correctly classified, N_(+i)denotes the number of

real samples of Category i, N_(it)denotes the predicted number of samples of Categoryi,
N_totaldenotes the total number of samples and Kdenotes the total number of categories.

Kappa = (11)
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3. Results and Analysis

3.1. Segmentation Results Combined with Canny Edge Detection

When the object information is complex, mutiresolution segmentation often has a poor effect.
For example, the segmentation results of crop contain more noise and a fuzzy outline. To solve this,
the edge information of objects detected by Canny operator is used in our study as a feature factor to
participate in mutiresolution segmentation, and the segmentation results are compared with the
single mutiresolution segmentation results without Canny detection.

This method preliminarily determines the optimal segmentation scale range of crops using the
ESP2 tool prior to crop segmentation, and calculates the optimal segmentation scale of each crop with
the RMAS model. The ESP2 tool mainly uses the object homogeneity Local Varane (LV) and its Rates
0f Change (ROC) as the quantitative evaluation indicator for screening, while considering the shape
factor and compactness factor of 0.1 and 0.5, respectively. In order to evaluate the relative
contribution of each band and edge detection of images, the weights of R, G, B, NIR bands and Canny
Edge Detection are set to be 1. When the ROC of local variance reaches the maximum, more
reasonable segmentation results can be obtained. Therefore, this paper selected the segmentation
scale corresponding to the peak rate of ROC value as the optimal segmentation scale for the images,
while giving priority to the LV indicator (Figure 5). The optimal segmentation scales for preliminary
screening were 35, 45, 70, 95, 105, 125, 135, 170 and 220. Within the range of the segmentation scale,
it increases successively with an increment of 5. It's determined after repeated tests that the range of
crop segmentation scale value is between 35-95. Within this range, we successively calculate the
RMAS value of different crops, and take the maximum RMAS value as the optimal segmentation
scale, as shown in Figure 6. Upon final calculation, the optimal segmentation scale of buckwheat is
35, that of wheat and apple is 65, and that of corn is 55.

Mutiresolution segmentation results before and after edge information detection by Canny are
integrated based on the optimal segmentation scale (Figure 7). It's concluded from the comparison
that under the same segmentation scale, the image objects obtained only by mutiresolution
segmentation cannot effectively distinguish adjacent features. In the results with object edge
participating in segmentation, the object is more complete, and has a clear outline, stronger
separability and better segmentation quality, in addition to reducing salt-and-pepper noise.
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Figure 5. Evaluation of optimal segmentation scale using ESP2 tool.
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Figure 6. RMAS values of different crops.

Figure 7. Segmentation map before and after integrating edge information.

3.2. Feature Factor Optimization

This study gathered statistics of the NDVI values of different crops and the NDVI ratios of
adjacent months to learn about the growth status and change of crops, and took the changing trend
of NDVI and the month with the largest change rate as the reference image for crop classification. As
indicated by statistical calculation (Figure 8), the reference images of wheat, corn, apple and
buckwheat were selected in May, July, August and September, respectively. On this basis, NDVI
ratios in different phenological periods was used as the feature factor in order to facilitate the
classification and interpretation of crops and improve the classification accuracy.

As the features of a higher dimension are selected, it leads to redundancy among the features.
In order to reduce the redundant computation of data, this paper uses the L1 regularized logistic
regression model[63]to conduct quantitative analysis of 39 features. It's found after many tests, better
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results can be obtained by setting regularization parameter C to 0.9 and iteration times to 1000. In
view of the fact that the feature factors vary between crops in the classification process, we optimize
the feature factors of each crop, and make statistics of the contribution rate of feature factors of
different categories of crops. Figure 9 shows the feature factors of different crops screened using the
L1 regularized logistic regression model.

NDVI values for different crops
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Figure 8. NDVI variation trend of different crops and its variation rate in adjacent months.
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It can be seen from statistics that the number of feature factors after optimization of the four
crops is greatly reduced, with texture and spectral features accounting for a large proportion,
followed by geometric and exponential features. Among them, the number of feature factors selected
for corn, wheat, apple and buckwheat are: 9, 12, 10 and 16, respectively. As can be seen from the
Figure, corn has a total of 9 auxiliary feature factors, dominated by texture and spectral feature factors,
namely GLDV_Ang_2 and Mean_NIR, with weights of 3.89 and 1.24 respectively. Since corn ripens
mainly in July and August, during this period, corn has a deep red false-color image and obvious
texture features. GLCM Ang. 2nd Moment reflects the uniformity of texture in the image and can be
used as a cofactor to identify corn crops together with the reflection characteristics of near-infrared
band. There are a total of 13 auxiliary classification feature factors for wheat, dominated by spectral
and texture factors. Its main spectral features include Mean_NIR and Max_diff, with weights of -3.95
and 1.69 respectively. During the growing season of wheat, which mainly ranges between March and
May, wheat is mainly manifested as light red in color and has even texture, making it easier to
distinguish than other crops. In addition to using high near-infrared band characteristics, we can
effectively assist wheat classification with the maximum band difference value, and the texture
features are mainly GLDV_Mean_, with a weight of -1.18. The features of apple are dominated by
GLCM_StdDe and Standard_NIR, with the weights of -1.61 and -1.97, respectively. During the
growing season of apple, which mainly ranges between August and September, the texture of apple
is more significant than other crop features, and the information change in the band standard
deviation constitute a good reflection of the information on apple. The dominant factors of buckwheat
are RVI, GLDV_Mean_, Layer_NIR and GLCM_Dissi, whose weights are 3.23, 2.54, -2.14 and 2.82,
respectively. This is because buckwheat mainly ripens in September and October, which are also the
ripe season of apple and corn. Buckwheat, on the other hand, is more delicate in texture than other
crops, looking pink in false-color images, while other crops are darker in color. RVI that reflects the
growth state of crops has the highest weight. Besides, if participating in classification, Mean_NIR
among spectral features has a better effect, because the reflectance of crops is usually higher in near-
infrared bands.

3.3. Object-Based Crop Classification Results

The classification results from the four typical test areas (Figure 10) indicate that both the RF and
CNN models categorize crops into regular blocks, which aligns with the orderly distribution of crop
planting structures in the test plots. To further assess the classification accuracy of different models,
field sample data was used for accuracy validation. The confusion matrix evaluation method was
employed, utilizing overall accuracy and Kappa coefficient as evaluation parameters to assess the
accuracy of the Random Forest (RF) algorithm and Convolutional Neural Network (CNN). The
accuracy validation results for the four test areas are shown in Table 3.
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Figure 10. Classification results of RF and CNN models

Table 3. Accuracy validation of the classification results through random forest and deep learning.

Kappa coefficient of Kappa coefffc.lent. of
overall classification Overall Accuracy
Type of each crop
Test area Crops results
RF CNN RF CNN RF CNN
Model Model Model Model Model Model
Wheat 0.92 0.90
I Corn 0.85 0.81 0.89 0.87 0.92 0.91
Buckwheat  0.96 0.93
Wheat 0.93 0.89
II Corn 0.91 0.87 0.91 0.88 0.95 0.93
Buckwheat  0.86 0.88
Wheat 0.87 0.89
11 Corn 0.84 0.81 0.85 0.84 0.89 0.89
Apple 0.85 0.80
Wheat 0.86 0.79
v Corn 0.78 0.86 0.86 0.85 0.91 0.90

Apple 0.93 0.89
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According to Table 4, both RF and CNN models feature a high accuracy in the results of
classification of crops in the test area I. Overall, regardless of the Kappa coefficient or overall
classification accuracy, in the four test areas, the classification results obtained by RF model are higher
than those obtained by CNN model. In the test area I, it can be seen through calculating the Kappa
coefficient of each category of crops that the one calculated by RF model is higher than that by the
CNN model. Overall, the Kappa coefficients calculated by the RF model and CNN model are 0.89
and 0.87, respectively. The overall accuracy of the calculation by two models both exceeds 90%. Test
areas Il and I have the same category of crops, but the former has a smaller planting area of buckwheat
than the latter. The Kappa coefficient of two models for buckwheat classification is smaller than that
of the other two crops, because the buckwheat is planted in a small area where there are not enough
samples for training. Due to too few samples, there emerges the phenomenon of model overfitting,
resulting in low accuracy[64]. However, the RF and CNN models have a high classification accuracy
overall, which reaches 94.92% and 93.43%, respectively. The test areas Il and IV dominated by wheat,
corn and apple feature a high classification accuracy of the two test areas overall. In the test area 1III,
the overall classification accuracy of RF and CNN models reached 89.37% and 88.94%, respectively,
while that of the two models in the test area IV was 90.68% and 90.18%, respectively.

This paper conducts a comparative analysis of the accuracy of the results using the two methods
and makes statistics on the area and proportion of four test areas (Figures 11-14). In the test area I,
among wheat, corn and buckwheat, corn has the largest planting area in the classification results,
among which the classification area of RF model is 0.56 km2, accounting for 22.74%, and that of CNN
model is 0.46 km2, accounting for 18.54%. The test area II has the identical crop planting structure as
the test area I. Similarly, corn has the largest area in the classification results, among which the corn
area of classification using RF model is 0.86 km2, accounting for 34.84%, and that of CNN model is
0.92 km2, accounting for 37.19%. Buckwheat has the smallest area, and the area classified by RF and
CNN models is 0.08 km2 and 0.20 km2, accounting for 3.12% and 7.94%, respectively. In the test area
III, corn has the largest area compared to any other crop. The area classified by RF and CNN is 0.73
km2 and 0.77 km2, respectively, and the area of apple classified using these two models is larger,
which is 0.43 km2 and 0.33 km2, respectively. In the results of two models, the area of corn classified
by RF model is larger than that of CNN model, while the area of apple classified by RF model is
smaller than that of CNN model. According to field investigation statistics, there are more planting
structures of corn and apple in this area. The main reason is that both corn and apples mature in
August and September, both of which are similar in false-color remote sensing images during this
period. Compared with RF model, the CNN model can better adapt to complex data patterns. In
addition to the crops studied, other vegetation also exists in the test area. Due to the interference of
diverse and complex vegetation on the classification process, the RF model is not effective in fully
classifying crops. In the test area IV, apple has the largest area. The area classified by RF and CNN is
0.80 km2 and 1.02 km?2, respectively. As can be seen from the classification result graph, the area of
independent apple blocks classified by CNN model is larger. Seen from the field investigation and
interpretation of remote sensing image satellites, the planting structures in this test area were
regularly distributed in blocks. As the CNN model divided adjacent crops into a unified entirety, this
may be the main reason why CNN model has a larger classification area for apples than RF model.
Overall, the classification results of four test areas vary as two models use different algorithms. The
difference is particularly significant in the test areas where corn and apple are planted. However, in
terms of spatial distribution and quantity classification of crops, the classification results of CNN
model and RF model are highly consistent and integral in spatial distribution.
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4. Discussion

4.1. Evaluation of RF and CNN Model Results

By virtue of excellent robustness, the RF model helps effectively process noise data. Albeit
accurate crop classification results obtained by this model [65,66], crops in the study area are usually
simple in planting structure or identical in the growing periods, so the classification targets are
usually easy to distinguish. This study has, based on scale segmentation and selection of feature
factors, newly introduced the phenological feature factor to effectively distinguish crop planting
structures in the study area. Similarly, CNN model with strong learning capacity not only enables
autonomous learning of crop features, but also captures complex nonlinear relationships for effective
classification of crops with complex features [67,68]. Nonetheless, the CNN model still requires
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improvement in accurately delineating crop boundaries at different scales. By combining the CNN
model with multi-scale segmentation, we achieved fine classification of crop planting structures.

Both models exhibit good applicability in interpreting crop planting structures, and the
classification results largely correspond to the actual distribution. The classification results
demonstrate good separability, with fewer instances of misclassification and omission. This allows
for better extraction of crop information in areas with higher heterogeneity. In comparison, the
accuracy of RF model is slightly higher than that of CNN model on the whole, and the classification
results based on RF are closer to actual distribution of crops in the study area. The results obtained
through these two approaches have a good overall effect of effectively distinguishing the categories
of corn and apple with little spectral difference and overcoming the "salt-and-pepper noise", so that
the boundary information of different crops is clearer and more accurate results are obtained. At the
same time, the CNN model has a higher demand for computing power and sample size, and is more
suitable for vegetation classification issues with a larger scale and more sample data. Limited by
the small size of the test area and insufficient data sets of samples, the accuracy of CNN remains low.
Moreover, Lin Yi et al[69]also found that in the fine classification of vegetation in small-scale areas
and small-size samples, the traditional machine learning classification method has a better effect than
the deep learning method. Although the RF model has classification results better than the CNN
model in four test areas, this study still has some limitations such as small sample size and lack of
transferable remote sensing image datasets. As a result, the fine classification of crops in small areas
based on the CNN model fails to exert its advantages. However, deep learning approaches have great
potential of application in image classification[70]. On the one hand, traditional machine learning
approaches require manual selection of samples for feature extraction, while deep learning allows to
automatically extract high-level semantic features and performs better on large-scale data sets [71].
On the other hand, traditional machine learning approaches require manual selection of samples for
training during each classification and have poor generalization ability, while the features learned by
deep learning approaches have better generalization ability and stronger robustness. Therefore, we
can expand the scope of crop classification data sets in the future, and conduct research based on
better deep convolutional networks in order to leverage the value of deep learning approaches for
crop classification in more regions.

4.2. Evaluation of the Effect of Combining Scale Segmentation with Feature Optimization

Compared with traditional pixel-based crop classification studies, Object-Based Image
Classification takes into full account the spectral, texture and geometric features of different crops,
greatly improving the classification accuracy [72,73]. However, in order to accurately improve the
features of crops, it’s important that we better segment and effectively distinguish different crops in
the image. In spite of good results in image segmentation through segmentation algorithms at
multiple scales, there are still some phenomena such as misclassification, absent classification and
loss of detail caused by low image resolution [74,75], and only single-cropping crops in the study
area are classified. This study proposes to integrate the new crop edge profile information obtained
by the Canny Edge Detection Algorithm into the segmentation process. Crop edge profile
information as a cofactor can be used to classify crop planting structure more accurately, but different
crops have different segmentation scales. However, crop segmentation results under the same
segmentation scale often appear over-segmentation or under-segmentation. The ESP2 optimal scale
evaluation tool combined with RMAS model can effectively segment the contour information of
different crops. Figure 15 shows the false-color original images of different crops. Figure 16 shows
the results under the optimal segmentation scale of different crops combined with Canny edge
detection. It can be seen from the figure that the contour edges of different crops are relatively clear,
and the results are basically consistent with the real ground objects. The classification results obtained
based on the characteristics of mutiresolution segmentation are further improved under the multi-
level classification framework.
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Figure 15. False-color images of different crops.
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Figure 16. Segmentation results combined with Canny Edge Detection.

In light of similar false-color images of corn and apple, the texture features of both crops occupy
a high proportion in the feature factors. According to the statistics on GLCM Ang.2nd Moment
feature factor values of corn in the four test areas (Figure 17), the test area I has the smallest value,
and the test area IV has the largest. This is because the Loess Plateau of eastern Gansu Province, as a
rain-fed crop area, has more precipitation in the southeast region and better soil quality and fertility
than the northwest region, creating better conditions for crops in the southeast region to grow and
seeing a larger single crop area. Therefore, the area of a single corn block in test area I is smaller than
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that in test area IV, the larger block contains more surface details and texture information, and the
texture features are more rough [76,77]. The test area Il demonstrates the consistency with test area
I in terms of the size of blocks, and has an area of corn slightly smaller than that in test area II,
resulting in a slightly larger feature factor value. The dominant texture feature factor of apple is
GLCM_StdDe. Similarly, the test area IV is home to more pixels, with a big difference in texture
features, and a relatively large standard deviation. Hence, the texture feature value of the test area IV
is larger than that of the test area III.

Furthermore, crop features raise the interpretative nature of crops. Classification of crops based
on the selection of better features can not only reduce the dimension of feature space to reduce the
computational complexity, but also lift the classification accuracy [78]. However, most of the features
after dimensionality reduction are jointly applied to the classification of various crops[73]. In this
study, L1 regularized logistic regression model was used to select better feature factors for each crop,
which, along with the phenological feature factor, have laid a foundation for using feature factors to
assist crop classification.
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Figure 17. Statistics of texture features of corn and apple.

5. Conclusions

This paper selected four typical test areas in Qingyang City for research. It employed the optimal
segmentation scale calculated by ESP2 tool and RMAS model, combined with Canny Edge Detection,
to segment the crops in the study area, while selecting better spatial features with the L1 regularized
logistic regression model. It also referred to the phenological feature information and analyzed the
classification results by RF and CNN models under the OBIC framework on the basis of multi-level
classification. The key conclusions are as follows:

(1) Mutiresolution segmentation that integrates the Canny Edge Detection algorithm helps improve
the boundary integrity and separability of segmented objects. In addition, the best segmentation
results of corn, buckwheat, wheat and apple are obtained at the segmentation scales of 55, 35, 65
and 65, respectively.

(2) The redundancy of feature factors of different crops after optimization has been greatly reduced.
The best classification results are available by combining the phenological feature factors and
the reference images of different crops.
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(38) Two classification models under the multi-level classification framework ensure high accuracy,
of which the RF model is overall superior to CNN model. In future studies, the focus can be
placed on further refining the models and methods to improve the accuracy and applicability of
crop classification.

Although this study has mitigated salt-and-pepper noise to some extent through multi-scale
segmentation combined with Canny Edge Detection, the objects generated still diverge from crop
"plots”, and the classification is less automated. In the face of more complex crop areas with a larger
area and subject to frequent cloud and rain conditions, it’s important to continuously optimize the
algorithms, improve the automation degree as well as the accuracy of remote sensing mapping of
crops in complex areas, and expand the potential application value of high-resolution data in China.
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