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Abstract: Identifying and extracting check dams is of great significance for soil and water conser-
vation, agricultural management, and ecological assessment. In the Yellow River Basin, the check
dam, as a system, generally comprises dam locations and dam-controlled areas. Previous research,
however, has focused on dam-controlled areas and has not yet identified all elements of check dam
systems. This paper presents a method for automatically identifying check dam systems from digital
elevation model (DEM) and remote sensing images. We integrated deep learning and object-based
image analysis (OBIA) methods to extract the dam-controlled area’s boundaries, and then extracted
the location of the check dam using the hydrological analysis method. A case study in the Jiuyuan-
gou watershed shows that the precision and recall of the proposed dam-controlled area extraction
approach are 98.56% and 82.40%, respectively, and the F1 score value is 89.76%. The completeness
of the extracted dam locations is 94.51%, and the correctness is 80.77%. The results show that the
proposed method performs well in identifying check dam systems and can provide important basic
data for the analysis of spatial layout optimization and soil and water loss assessment.

Keywords: check dam system extraction; object-based image analysis; Yellow River Basin; terrain
analysis; deep learning

1. Introduction

A check dam system is a small, sometimes temporary, structure constructed across a
swale, drainage ditch, or waterway to counteract erosion by reducing water flow velocity [1].
Due to the intense erosion, many check dams have been constructed in the Yellow River
Basin [2]. In each watershed, large, medium, and small check dams are distributed at
different levels of the gully networks, and the check dams are mostly located in the ditch.
Various large, medium, and small check dams work in coordination with each other to form
a tree-like structure of check dam systems. The check dam system includes the dam location
and dam-controlled area (Figure 1), and different components have different functions.
Check dam systems have a remarkable effect on preventing soil erosion and improving
agricultural management. The dam-controlled area has rich minerals for crop cultivation,
which offer another opportunity for crops in the Yellow River Basin. In order to realize
the rational use of dam-controlled areas and optimize the allocation of agricultural land,
obtaining accurate information about the dam-controlled areas is a prerequisite. At the
same time, accurately identifying the dams’ locations is critical for analyzing the functions
of check dams in preventing soil erosion and catching sediment, as well as optimizing the
construction layout of check dam systems [2].
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Figure 1. Check dam system in the Yellow River Basin.

With the development of remote sensing technology, it is possible to obtain ground
feature information from remote sensing data. Although manual visual interpretation and
field investigation can achieve high accuracy in check dam extraction, they are inefficient
and laborious and are not suitable for large-scale dam identification. IKONOS high-
resolution remote sensing images were used to extract information on land use and soil
and water conservation practices with GIS-driven methods [3]. There are several ways to
acquire images. Using unmanned aerial vehicles (UAVs) [4] to obtain high-resolution aerial
photos to determine the location of dams is flexible, short-period, and high-resolution.
The pixel-based image classification had been proposed to automatically classify remote
sensing images [5], but this method could lead to serious misclassification and impulse
noises [6-8]. The OBIA [6] method is widely used in geography, which has solved the
problems mentioned above by exploiting shape, spectral, and texture information in high-
resolution images [9]. Wei et al. [10] quantified loess landforms using an object-based image
analysis (OBIA) method and used this classification to describe the spatial variability of
loess landforms. However, the OBIA method cannot detect detailed high-level features
(such as semantic features between different pairs of images) [7,11].

As algorithms for processing images get better, deep learning offers alternatives and
shows some superiority [12]. The U-Net model has achieved remarkable results in medical
target monitoring and has been extended to the field of geoscience research. It has shown
the ability of deep-learning methods to extract surface hydrological features from complex
hydrological features [13]. Li et al. [14] used U-Net, random forest, and CNN models to
extract the dam-controlled area, and the comparison of the results shows that U-Net was
better at extracting the dam-controlled area. In recent years, buildings, water bodies, roads,
and impermeable surfaces [15-17] are the main ground objects that deep-learning methods
have been used to detect. Check dams are usually small in number and size and are difficult
to identify from low-resolution or medium-resolution images. Therefore, our literature
review found few studies focusing on dam location detection. Sun et al. [18] used 1 m
remote sensing images and 30 m DEM to detect medium and large dams, whose sizes are
larger than 50 m, using the deep-learning method, but were not able to solve the issue of
extracting small dams.
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This study offers insights into automatically identifying dam locations and dam-
controlled areas from 0.5 m remote sensing images and 5 m DEMs and aims to realize
synchronous observation over a large area. We used the Jiuyuangou watershed in the
Yellow River Basin as the study area. To improve the extraction of dam-controlled areas, a
methodology combining deep learning (the U-Net model) and the OBIA method [15,19]
is proposed. It considerably improves the efficiency of ground-object extraction and cat-
egorization in geographic research. On the one hand, the OBIA method can effectively
avoid the classification noise generated by pixel-based image analysis and reduce the ho-
mogeneity of different features and the heterogeneity of similar features [20]. On the other
hand, deep learning can extract high-level features that can accurately classify semantic
objects [12]. Considering the spatial relationship between the dam-controlled area and the
dam location, we inferred dam locations through the hydrological analysis based on the
dam-controlled area results.

2. Materials and Methodology
2.1. Study Area and Data

The Jiuyuangou watershed (37°33'~37°38' N, 110°16’'~110°26" E), located in Suide
County, Shaanxi Province, China, was chosen as the study area (Figure 2). The Jiuyuangou
watershed as a study area is representative because many gullies developed in this region,
and many check dams were constructed for soil and water conservation. The Jiuyuangou
watershed, with a main gully length of 18 km, 337 branch gullies above 200 m, a gully
density of 5.34 km/km?, and a basin elevation between 820 m and 1180 m, is a branch gully
in the middle reaches of the Wuding River. The total area of the study area is 69.29 km?;
the actual dam-controlled area is 2.50 km?2, and the rest is 66.79 km?2.
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Figure 2. The location of the study area.

Google Earth images (0.5 m resolution) and 5 m resolution DEMs (provided by the
Shaanxi Survey and Mapping Bureau) were used for identifying check dam systems.
Google historical images were obtained through Google Earth Pro and SAS software.
We downloaded the 19th-level remote sensing images of Suide County with a ground
resolution of 0.54 m to extract dam-controlled areas, and the images displayed by Google
Earth were taken on 4 March 2021. Google Earth images are provided by professional earth
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image product and service providers, and the fused images were provided by the Pleiades
Neo satellite (Airbus) and SPOT satellite (CNES). Then we used SAS software to mosaic
the images and assign them to the WGS84 coordinate system. These images are obtained
through resampling, which transforms the resolution from 0.54 to 0.5 m. An appropriate
resolution is necessary to achieve accurate object extraction. For the DEM data with a 5 m
resolution, resampling facilitates uniformly segmented images. The check dams are clear
at this spatial resolution (Figure 2). The use of these images allowed for the identification
of dam areas using the deep-learning method. DEMs provide the required topographic
features for the elimination of misclassified patches and the improvement of the results.

2.2. Overall

As the Figure 3 shown, the methodology includes two parts: the extraction of dam-
controlled areas and the identification of dam locations. First, the OBIA and deep-learning
methods were combined to extract dam-controlled areas. The deep-learning technique was
employed to determine the probability of pixels that belong to dam-controlled areas in
remote sensing images, and the object-oriented multi-resolution segmentation method was
used to identify the boundaries of dam-controlled areas from images and DEMs. Following
that, the majority voting algorithm was used to combine the results of deep learning and
OBIA to obtain the final dam-controlled areas. Then, the dam locations were identified
according to the extracted dam-controlled areas and DEMs using the hydrological analysis.

Deep Learning and OBIA
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Figure 3. Workflow of the proposed method.

2.3. Extracting the Dam-Controlled Areas
2.3.1. Training Datasets

Deep-learning models, like convolutional neural networks (CNN) in image data pro-
cessing, require more parameters than conventional methods and machine learning; hence,
a substantial amount of labeled data is required to train the model to assure accuracy [21].
We prepared the sample labels first using ArcGIS 10.7 software. The samples in this exper-
iment were divided into two classes: the dam class was referred to as the “foreground”,
and its complementary class was referred to as the “background” or “non-dam” class.
All dam-controlled area polygons were vectorized using ArcGIS 10.7 software, and then
the vector data were converted into raster labels using the “Feature to Raster” tool. Next,
there were 6 research areas (Figure 2) in Suide County that were selected to construct the
training dataset; these areas include dam-controlled areas with a variety of characteristics,
and the Jiuyuangou watershed was used as a validation dataset. These datasets were
subdivided into small images to meet the input requirements of the deep-learning model,
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so we set the sample size to 256 x 256 pixels, and a total of 20,000 images were obtained.
In this experiment, 1350 (including 315 dam-controlled areas) and 904 images (including
209 dam-controlled areas) with dam-controlled area information were selected as training
data and validation data, respectively.

The training sample region has a large amount of data, and the rich image features
ensure that the model can abstract numerous high-level semantic features, boosting the
model’s accuracy and robustness. Because the CNN model’s huge input images may
quickly lead to a high number of model parameters and computational complexity, it
affects the model’s training and inference efficiency while requiring a considerable amount
of internal storage [21]. As a result, images must be segmented into 256 x 256 pixel sub-
blocks. The original image was separated into overlapping sub-blocks [22] with a particular
overlap rate of 50% (384 x 384 pixels) to maintain the dam-controlled area landscape
geometry and texture feature information in the sub-block as much as possible while
minimizing the edge effect (Figure 4a). Each overlap area was considered when processing
the samples but was discarded during the mosaic process. As Figure 4a shows, the red
square represents the sample size, and the blue squares are the sub-blocks used to extract
the results. The areas between the red and blue boundaries are discarded.

Legend

| 3 Sub-block Size
| O3 Sample Size
/

'

Figure 4. Sample size expansion and data augmentation. (a) The sample (red square) had a por-
tion overlapping with its adjacent samples; (b—e) images of check dams after data augmentation;
(b) original image; (c) rotation 90°; (d) horizontal flip; (e) sharpen.

For deep learning, the amount of data determines the effect of the model to a certain
extent, and too little data will lead to overfitting of the model. In the research area, the dam-
controlled areas only account for 3.61%, and the size of the sample is small. To overcome
this problem, we made full use of the U-Net model’s strengths. The data augmentation
enables the neural network to learn more high-level terrain features. Training samples
were enhanced approximately three times (3616) by rotating, flipping, and sharpening the
original images (Figure 4b—e).

2.3.2. Structure of DCNN

We used a typical deep convolution neural network (DCNN) architecture called U-
Net [23] to implement dam-controlled area extraction. The U-Net structure is an end-to-end,
fully convolutional neural network architecture, but slightly different from FCN in that the
U-Net structure is symmetrical, meaning the U-Net is mainly composed of upsampling
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and downsampling, and this concatenation structure efficiently improves the classification
accuracy of the results through the connection of the contracting path and the expansive
path [23]. The U-Net has the benefits of being rapid in operation, capable of yielding more
precise segmentation with very few training images, and able to realize multi-scale feature
classification of image features via several pooling layers [24].

Each level of the U-Net structure (Figure 5) is composed of different types and numbers
of convolutional layers, pooling layers of fully connected layers. The contracting path
(left part of the structure) is an encoder used to extract image features. The size of the
input image is 384 x 384 x c (“c” represents the number of multi-source data bands). First,
the input image was converted into a 32-dimensional feature map using convolutional
operations, and then two convolutional layers and one max pooling layer were repeated.
The expansive path can restore the details and position information of the images. At every
level in the expansive path, a deconvolution operation is performed to halve the dimension
of the feature map before splicing the corresponding feature map from the contracting
path, followed by two convolutions. The skip connection helps recover spatial information
lost during downsampling, speeds up convergence, and allows very deep networks to be
trained [25]. In the final output layer, a 1 x 1 convolution is used to map the feature map
obtained in the previous layer into two feature maps: the “dam class” feature map and the
“non-dam class” feature map. The feature map of the “dam class” represents the score of
each pixel corresponding to the dam class.
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Figure 5. The structure of the U-Net.

The dataset in this case consisted of topographic images. Due to the complexity of
terrain texture, the conventional U-Net structure has difficulties capturing terrain features.
Images, for instance, can convey a landform’s texture features but not its surface elevation
information. Multi-source data produce significantly higher prediction accuracy than a
single data source [26]. Therefore, we simultaneously input multi-source data into the
U-Net model to compensate for these shortcomings. One longitudinal study [27] found that
integrating remote sensing images, the digital elevation model (DEM), and its derivatives
into the machine learning model yields a much-improved detection result. As shown in
Figure 5, the DEM, slope, hillshade, and remote sensing images were merged as the data
source and input into the model.
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2.3.3. Multi-Resolution Segmentation

The deep-learning structure (U-Net) provided a probability image for determining
check dam pixels. However, the accurate check dam boundaries are hard to determine with
the probability image. We used the multi-resolution segmentation (MRS) [28] approach
to identify the boundaries of dam-controlled areas. Scale, shape, and compactness are
the three main segmentation factors that influence the outcomes of image segmentation.
Figure 6 shows the segmentation results for various segmentation scales. By adjusting the
scale parameter values while controlling the shape and compactness parameters, it is clear
that the smaller the scale parameter, the finer the dam-controlled area is segmented, but
the subsequent workload increases. Conversely, a value that is too large will result in an
incorrect classification of the more complex areas of the landscape. Using the ESP2 (esti-
mation of scale parameter 2) tool [29], the potential optimal segmentation scale parameter
was obtained, and we selected a scale parameter of 100 (Figure 6¢) for the object-oriented
multi-resolution segmentation in this study area. Based on previous studies [14,23,30],
a shape parameter of 0.1 and compactness of 0.5 was suitable for terrain segmentation.
Figure 6 shows the segmentation results using these parameters, which are superior to
those of other parameters.

y 4
4 y
i

5 O A AN N A

dam boundary
scale = 60
scale = 80

scale = 100

]
o

50 100 m

Figure 6. Multi-resolution segmentation results with different scale parameters. (a) scale = 60;
(b) scale = 80; (c) scale = 100 (their shape and compactness parameters are all 0.1 and 0.5, respectively).

2.3.4. Feature Fusion

The OBIA and deep-learning methods have their advantages. The deep-learning
method assigned a probability value of the dam-controlled area for each pixel, while the
OBIA provided patches with internal homogeneity. Here, we used majority voting to
combine the results of deep learning and OBIA and then determined the dam-controlled
areas. First, the patches provided by the OBIA method were overlaid with the probability
image. The majority value of the probability image in each patch was calculated and
assigned as the patch’s value. Second, referring to the previous experimental results [14], a
0.5 threshold was used to determine the dam patches. If the patches’ value is greater than
0.5, they are regarded as potential dam-controlled areas. Moreover, given that check dams
were generally located in gully areas, we used the gully areas to filter noise. The gully areas
were extracted from the 5 m DEMs by the multi-directional hillshading method [31-33].
Then, the potential dam patches were overlaid with gully areas. Only the patches located
in the gully areas were regarded as true dam-controlled areas.

2.4. Extracting Dam Locations

A check dam is generally built at the watershed or sub-watershed outlet, where the
flow accumulation is the largest. Therefore, after extracting the dam-controlled areas, the
location of the check dam can be determined by using the hydrological analysis approach
to identify the area of greatest flow accumulation (Figure 7). First, we used the traditional
hydrological analysis [34,35] (including fill, flow direction, and flow accumulation) to
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determine the river network. Using the “extract by mask” tool in ArcGIS 10.7, the flow
accumulation raster of each dam-controlled area was obtained. Then, we calculated the
maximum flow accumulation of each dam-controlled area and put that information together
with the river network to determine the final dam locations.

DEM Data > Fill In » Flow Direction —>’ Flow Accumulation

l I—» Dam Locations

Raster Calculator . >
+ B River Network aximum Flow

Accumulation

(Optimal Threshold)

Be Removed

Figure 7. Flow diagram of extracting dam locations.

2.5. Accuracy Assessment
2.5.1. Accuracy of Dam-Controlled Area Extraction

To validate the accuracy of the extracted dam-controlled areas, we manually inter-
preted the dam areas from remote sensing images and considered these areas as the refer-
ence data. Then we calculated the area errors of each extracted dam (the area difference
between the dam extracted by the proposed method and the visual interpretation of dams).

The relative bias (RB;) [36] indicator was adopted to quantify the area errors for each
dam, and the closer the index is to 0, the smaller the error of the area of the check dam
estimated by the proposed method is. A negative value indicates that the measured area
of the check dam is smaller than the area estimated from the remote sensing image, and
the opposite is true for a positive value. From the spatial perspective, the RB; spatial
distribution could show the performance of the proposed method in different locations
of the watershed. The correlation coefficient (CC) [37] for the overall performance is used
to verify whether there is a good linear correlation between the results of the proposed
method and the actual areas. The formulas are as follows:

CC — ?:1 (Xi _2)_() (Y1 B }7) = (1)
VIR (6 - 02 (v, — 9)
RB; — Z?:lgxi —vi) ?)
i=1Yi

where x represents the actual dam-controlled area (the reference data), y is the area extracted
by the proposed method, and n is the total area of dam-controlled areas.

Moreover, in this paper, dam-controlled area identification belongs to semantic seg-
mentation classification. Precision, recall, and F1-score [38] are commonly used as evalua-
tion indicators in the binary classification of remote sensing images. These indicators are
general evaluation indicators to evaluate the merits of the model. Precision represents the
ratio of the area correctly predicted as dams to all the area predicted as dams, demonstrat-
ing how well the dam areas were extracted correctly. The recall is the proportion of the
correctly predicted dam-controlled area to the actual dam-controlled area, which reflects
how much the dam areas have been completely detected. The F1 score shows the overall
assessment of precision and recall.

TP

TP + FP @)

precision =
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TP
= —_ ’
e TP 4+ FN (4)
F1 score = 2 X precision X recall 5

precision + recall

TP, FP, TN, and EN represent the areas of the true positive, false positive, true nega-
tive, and false negative pixels, respectively.

2.5.2. Accuracy of Dam Location Extraction

Dam locations visually interpreted from the Google Earth remote sensing images were
considered the reference data. We used the window analysis method (the window size is
11 x 11) to calculate the maximum flow accumulation raster within each dam-controlled
area as the final dam locations. The dams falling within the buffer zone of reference data
were considered “correct detections”, while those falling outside the zone were “incorrect
detections”. Given that the DEM data resolution was 5 m, we set the buffer radius to 20 m.
Then we calculated the correctness and completeness [39]:

AC - Ec /Et (6)

Cr = Ec/Pc (7)

where A, is correctness, C, is completeness, E is the number of correctly extracted dam
locations, E; is the total number of extracted dam locations, and P, is the number of visually
interpreted dam locations.

The correctness represents the percentage of the dam location identified by the pro-
posed method that lies within the buffer around the reference location. The completeness

shows that a percentage of the dam location extracted by the proposed method lies within
the buffer.

3. Results and Discussion
3.1. Dam Areas and Locations
3.1.1. Results of Dam-Controlled Area Extraction

According to the result of manual visual interpretation from high-resolution remote
sensing images, we selected 209 dam-controlled areas in the study area. As shown in
Figure 8a, a particularly good linear fit exists among the areas derived from remote sensing
images with the visual interpretation method and the areas extracted by the proposed
method. The correlation coefficient is 0.97, which illustrates that the size of the dam-
controlled area is similar in the same place.

Among the 209 extracted dam-controlled areas, there are 83 areas whose bias value is
close to zero, indicating that the area extracted by the proposed method is similar to the
actual one. There are 123 dam elements (roughly 60% of total dams) with bias values in
the interval [—1, 0], showing that the proposed method tends to underestimate the actual
dam-controlled areas. According to Figure 8b, the errors in the upstream of the watershed
and the tributaries in the southeast of the watershed are relatively small, with the relative
error in the interval [—0.1, 0.1]. There are certain dam-controlled areas with higher errors in
the midstream of the watershed, and since dams located in the midstream of the watershed
were constructed relatively earlier, it could be inferred that the error distribution could be
related to the age of the dams. The Jiuyuangou watershed is in the semi-arid temperate
zone, and its average annual precipitation has been 469 mm for many years. The rain is
concentrated in the period from July to September, with the majority falling as heavy rain.
The older check dam systems were likely washed away by the heavy rain or filled with
deposited sediment; thus, damaged or filled check dam systems may lead to higher errors
in the extraction of dam-controlled areas using the deep-learning method [37].
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Figure 8. (a) Correlation between the dam-controlled areas from the proposed method and the
reference areas; (b) spatial distribution characteristics of relative bias; (c,d) enlarged images of
dam-controlled areas.

To further analyze the overall extraction accuracy, we calculated the precision, recall,
and F1 score by generating the confusion matrix. The precision and recall are 98.56% and
84.20%, respectively (Table 1). The high precision and relatively low recall are possible
because the training data only account for 3.61% of the whole study area. The F1 score
is a weighted average score of the true positive (recall) and precision, so it is applied to
comprehensively judge the overall classification performance of the deep learning and
the OBIA method, and the value of the F1 score is 89.70%, demonstrating the favorable
extraction result of the proposed model.

Table 1. Results of the two dam-controlled area extraction methods.

Proposed Method OBIA Method
Confusion matrix basic indicators (km?)
TP 2.06 1.78
TN 66.72 66.45
FP 0.03 0.34
FN 0.13 0.72
Overall accuracy assessment indicators
Precision 98.56% 83.96%
Recall 82.40% 71.20%
F1 Score 89.76% 77.06%

3.1.2. Results of Dam Location Extraction

According to the labeled dam-controlled areas, we selected 182 dam locations from
the total dam locations extracted by visual interpretation for experimental analysis. We
extracted 172 dam locations using hydrological analysis and deep-learning methods, with
147 of them correctly extracted. The completeness and correctness rates are 94.51% and
80.77%, respectively. Figure 9a shows that many wrongly identified dam locations are small
check dams located in tributaries; moreover, the extraction result of large and medium
dams is better than that of small dams. The accuracy of dam locations highly relies on the
extraction of dam-controlled areas. Figure 9b,c are examples of incorrectly extracted small
check dams, and the extracted dam-controlled areas are quite different from the actual areas;
thus, identifying the dam locations based on the inaccurately extracted dam-controlled
areas can lead to an unsatisfactory extraction result for dam locations. In contrast, the
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()
Legend

A correct dam locations
/\ wrong dam locations

extraction results of medium and large dams are generally better (Figure 9d,e), and the
dam locations are closer to the actual ones.

0 65 130m

D the proposed method's result E reference boundary

Figure 9. (a) The distribution of extracted dam locations; (b,c) enlarged images of small check dam
systems; (d,e) enlarged images of medium and large check dam systems.

3.2. Comparison with the OBIA Method

We compared the proposed method with the traditional OBIA method [40]. The OBIA
method obtains potential dam-controlled areas using multi-resolution segmentation and
aggregates them using nearest-neighbor classification. In Figure 10, the remote sensing
image data, the corresponding OBIA extraction results, and the proposed method extrac-
tion results are respectively displayed. Due to the phenomenon of the same object with
different spectra or different objects with the same spectra, the ground patches extracted
by the traditional OBIA method are fragmented, have unclear edges, and contain small
holes. When the OBIA provides the ground object boundary constraint, deep learning
can yield more reliable extraction results, the extracted edges are smoother and distinct,
there are fewer holes within, and the edges more closely resemble the actual edges on the
ground. The results of dam-controlled area extraction using the method of deep learning
combined with OBIA proposed in this paper show that our model can effectively extract
dam-controlled areas in the Jiuyuangou watershed.

In terms of the shape of the extracted dam-controlled area, the proposed method is
better than the traditional OBIA method. To better compare the performance of overall
extraction accuracy between the two methods, we also applied the confusion matrix to
evaluate the OBIA extraction result, then compared those three indicators of the two
methods. As can be seen from Table 1, the proposed method surpassed the OBIA method
in all overall accuracy assessment indicators. The precision of the proposed method is
much higher than that of the OBIA method, with a large gap of 14.96%, and the recall of the
proposed method is nearly 11% higher than that of the OBIA method with nearest-neighbor
classification; the latter incorrectly classifies the terraces and mounds as dam-controlled
areas. The proposed method’s F1 score increases by 12.7%. In general, the dam-controlled
area extraction method based on deep learning and OBIA is much better than the object-
based image analysis method with the nearest-neighbor classification method. When
compared to the traditional OBIA method, the proposed extraction method produced better
results and significantly improved accuracy in high-resolution image classification research,
indicating higher feasibility and applicability.
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Figure 10. Results of the two extraction methods compared in terms of shape: (al-a3) Google Earth
remote sensing images; (b1-b3) the OBIA method’s results; (c1-¢c3) the proposed method’s results.

3.3. Distribution Characteristics of the Check Dam System

To investigate the geographical distribution of the check dams in the watershed, the
point density of the check dams (Figure 11a) was calculated. The density of check dam
systems in the watershed ranges from 0 to 6.22 per square kilometer. The upstream and
downstream portions of the study area are narrow, while the midstream is wider, and
the watershed system presents a typical dendritic shape. The area of the midstream is
extensive, including many mainstreams and tributaries, so a large number of check dams
are built in the channels. The mainstream in the midstream and the part on its left side are
dense areas with large amounts of check dams. Combined with Figure 11b, it can be seen
that there are fewer tributaries on the left side of the mainstream than on the right side,
indicating that the erosion degree on the right side is more serious than that on the left side,
which coincides with the phenomenon that the number of check dams on the right side of
the mainstream is greater than that on the other side.
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Figure 11. Spatial distribution of check dam systems: (a) dam location density; (b) distribution of
check dams in different stream grades; (c) histogram of check dams in different stream grades.

To further analyze the distribution of the dam system, we classified the stream grades
in the study and calculated the number of dam locations distributed in each stream grade.
Figure 11c shows that the number of check dam locations distributed in the mainstream,
primary tributaries, secondary tributaries, and tertiary tributaries is increasing, and the
check dam system’s control capacity over the entire watershed is gradually improving. It is
noticeable that the rapid increase in the number of check dams from the tertiary tributaries
to the primary tributaries can also reflect the high development degree of the watershed
and serious soil erosion in the study area.

4. Conclusions

An effective method combing deep learning and hydrological analysis was proposed
in this paper for identifying check dam systems from remote sensing images and DEMs.
First, deep learning was used to calculate the probability that each pixel belongs to the
dam-controlled area, and multi-resolution segmentation was applied in this step to generate
objects with precise boundaries. Following that, the majority voting algorithm integrated
deep learning and OBIA results to obtain the final dam-controlled areas. In this study,
the use of multi-resolution segmentation can effectively avoid the influence of impulse
noise, and the U-Net architecture achieves good performance on check dam extraction
thanks to data augmentation with elastic deformations. The Jiuyuangou watershed was
chosen as the study area to validate the proposed method, and this method yields good
extraction results with high accuracy. The correlation between dam-controlled areas and
actual areas is 0.97, and the relative bias indicates that the proposed method tends to
underestimate the dam-controlled areas. The second step is identifying the dam location
based on the extracted dam-controlled areas. The spatial relationship between the dam-
controlled area and the river network and the maximum flow accumulation were used
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to determine the dam locations. The completeness of dam locations is 94.51%; however,
the extraction accuracy of dam locations is highly dependent on the extraction of dam-
controlled areas. We also compared the proposed method with the traditional OBIA method
using nearest-neighbor classification. In identifying the boundaries and dam-controlled
areas, the proposed method outperformed the OBIA method; precision, recall, and F1 score
of the proposed method are 14.60%, 11.20%, and 12.70% higher than the latter, respectively.

The proposed approach can be applied to extract check dam systems and provide
basic data for maintaining dam infrastructure, optimizing the spatial configuration of
dam systems, and calculating the amount of silt. By investigating the spatial distribution
characteristics of the check dam system, we have discovered that the check dam systems
have aggregation areas within the watershed, with the number of dam locations on the
right side of the mainstream being greater than on the left side; and the spatial distribution
is related to stream grades: as tributary grades increase, so does the number of check
dam systems.

Following are a few points that can be further studied in theory and practice:

1. The proposed method is restricted by vegetation. In the Yellow River Basin, many
check dams are covered with crops or vegetation. In this study, remote sensing images shot
in winter were selected to avoid the influence of vegetation. However, if images taken in
summertime are used, dams are covered by different kinds of vegetation, which makes it
difficult to identify the dams in the images.

2. The accuracy of determining the dam location depends on the result of identifying
the dam-controlled area. To overcome the difficulty of directly extracting the dam location,
we used the hydrological analysis to obtain the location from the dam-controlled areas.
While this strategy is able to detect most of the dam locations, it is challenging to identify
all of the locations.

In the follow-up research, multi-spectral remote sensing images can be taken into
consideration to improve the model effect. At the same time, multiple deep-learning
networks should be compared and analyzed to find the best network to identify the check
dam system or to improve the existing networks based on the check dam’s spectral and
morphological characteristics.
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