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Abstract: Drainage difficulties in the waterlogged areas of sloping cropland not only impede crop
development but also facilitate the formation of erosion gullies, resulting in significant soil and
water loss. Investigating the distribution of these waterlogged areas is crucial for comprehending
the erosion patterns of sloping cropland and preserving black soil resource. In this study, we built
varied models based on two stages (one using only deep learning methods and the other combining
object-based image analysis (OBIA) with deep learning methods) to identify waterlogged areas using
high-resolution remote sensing data. The results showed that the five deep learning models using
original remote sensing imagery achieved precision rates varying from 54.6% to 60.9%. Among
these models, the DeepLabV3+-Xception model achieved the highest accuracy, as indicated by an
F1-score of 53.4%. The identified imagery demonstrated a significant distinction in the two categories
of waterlogged areas: sloping cropland erosion zones and erosion risk areas. The former had
obvious borders and fewer misclassifications, exceeding the latter in terms of identification accuracy.
Furthermore, the accuracy of the deep learning models was significantly improved when combined
with object-oriented image analysis. The DeepLabV3+-MobileNetV2 model achieved the maximum
accuracy, with an F1-score of 59%, which was 6% higher than that of the model using only original
imagery. Moreover, this advancement mitigated issues related to boundary blurriness and image
noise in the identification process. These results will provide scientific assistance in managing and
reducing the impact in these places.

Keywords: high resolution; sloping cropland; waterlogged areas; object-oriented; deep learning

1. Introduction

Waterlogged areas in sloping cropland are sensitive regions for soil erosion. Research
on the identification of these waterlogged areas holds significant practical importance for
regional soil and water conservation as well as management. The undulating hilly regions
in the northeast black soil area represent a typical terrain characterized by gentle and long
slopes, with slope lengths generally ranging from 800 to 1500 m and gradients between
three and seven degrees. This topography is prone to heavy slope runoff during the periods
of intense rainfall, which mainly causes soil erosion in these areas, with sloping agriculture
suffering the most severe erosion. Waterlogged zones form easily in low-lying areas on
slopes due to the undulating topography and inadequate soil penetration. These areas not
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only have an impact on crop growth but also act as the origins of erosion gullies. Significant
soil and water loss occurs as fine gullies, shallow gullies, and rills arise as a result of the
ongoing erosion in these places by water flow [1,2].

Waterlogged areas on slopes refer to the regions of a slope surface that are susceptible
to water accumulation as a result of variations in the topography and challenges with soil
infiltration. These waterlogged areas are small in area, scattered in distribution, and lack
large-scale continuity, which is different from the traditional waterlogging areas. From a
morphological perspective, these places can be categorized into two groups: those that
already exhibit erosion gullies and those that do not. This distinction sets them apart
from conventional slope erosion gullies. The boundaries of sloping cropland erosion ar-
eas are relatively clear and appear elongated, whereas erosion risk areas exhibit a planar
spreading form in comparison. The present research on the identification of waterlogged
areas predominantly centers on ecological investigations of vast waterlogged regions,
with the objective of appraising and analyzing the effects of waterlogging events on crop
development [3,4]. The presence of seasonal waterlogging disasters severely impacts re-
gional food security [5,6]. The majority of research on erosion gullies focuses on gullies that
have advanced in their development. In addition to conducting field surveys and analyzing
topographical features, remote sensing visual interpretation and machine learning have
emerged as the primary means of identification. However, challenges persist in terms of the
efficiency and accuracy of identification [7–9]. In general, research in these fields primarily
focuses on the watershed level, while less attention is given to identifying waterlogged
areas on a smaller scale, such as sloping cropland.

The semantic segmentation method based on deep learning is currently used for
feature recognition [10]. It can use the spectral information of the image elements for
classification, in addition to conventional visual interpretation and inversion techniques. In
recent years, models such as convolutional neural networks (CNN) [11], fully convolutional
networks (FCN8s) [12], and densely connected convolutional networks (DenseNet) [13]
have been widely applied in fields like medical imaging and environmental monitoring.
The application of these technologies makes it possible to rapidly extract waterlogged
areas. With the gradual improvement in the resolution of existing images, the classification
accuracy of tiny features in a small area has further improved. However, the accurate
identification of features, especially erosion gullies, is challenging due to issues such as
ambiguity in boundary delineation [14], the complexity of features at high resolution, and
significant seasonal variations [15]. The object-oriented method views a target object as a
unified entity and utilizes its spectral, geometric, and textural features. Its segmentation
process groups similar image elements together to define the boundaries of an object’s
features. This method has been widely used [16,17]. The construction of image objects is
foundational to object-based image analysis (OBIA), a process that typically involves a
variety of segmentation algorithms, such as those based on multi-scale, grayscale, texture,
knowledge, and watershed segmentation methods [18]. A key advancement in OBIA is
the integration of deep learning technologies, which includes incorporating deep features
into the geographic object-based image analysis (GEOBIA) paradigm for remote sensing
image classification, or combining deep learning techniques for semantic segmentation
of high-resolution images. The integration of OBIA and deep learning can enhance the
precision of semantic segmentation to a certain extent. This technique has been success-
fully applied in various applications, such as the extraction of vegetation [19], medical
research [20], and the detection of buildings [21]. However, its application in identifying
sloping cropland within a waterlogged area has not been reported. Remote sensing op-
tical data and Synthetic Aperture Radar (SAR) data have been widely used to identify
waterlogged areas. The former assesses the magnitude of waterlogging’s influence on
vegetation using measures such as the Normalized Difference Vegetation Index (NDVI)
and the Enhanced Vegetation Index (EVI) to monitor waterlogged regions [22]. In contrast,
the SAR data method employs an object-oriented analysis methodology to determine areas
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by assessing the influence of the water content in waterlogged places on the reflectance of
radar waves [23].

This study focused on the Qianjin subwatershed, which is a tributary of the Hailun
River in Hailun city, located in Heilongjiang Province, China. This study utilized high-
resolution remote sensing imagery as a data source to recognize regions of waterlogging
in sloping croplands. To facilitate clear communication and comprehension, this study
classified waterlogged areas on slopes into two different types: places that have already
experienced the formation of erosion gullies, denoted as slope erosion zones, and areas
that have not yet developed erosion gullies, referred to as erosion risk zones. We em-
ployed an object-oriented multi-resolution segmentation (MRS) algorithm to segment the
study area images and generated a feature dataset comprising remote sensing images and
segmentation results. By incorporating deep learning techniques and comparing model
accuracies before and after integrating the OBIA, we aim to automate the extraction of
waterlogged areas. This approach offers technical assistance for the swift and precise
detection of waterlogged areas in sloping croplands.

2. Materials and Methods
2.1. Overview of the Study Area

The Qianjin subwatershed (47◦20′–47◦24′ N, 126◦48′–126◦52′ E) is located in the cen-
tral part of Hailun city, Heilongjiang Province, China (Figure 1), which has a mid-temperate
continental monsoon climate with a frost-free period of approximately 120 days, an av-
erage annual temperature of 1.5 ◦C, and an average annual precipitation of 530 mm.
The precipitation exhibits a concentrated pattern during the period from May to Septem-
ber and is characterized by a brief duration, intense magnitudes, and uneven allocation.
This watershed covers an area of approximately 23.52 km2, with elevations ranging from
192 to 258 m. The regional topography is characterized by rolling hills, with long and gentle
slopes (mostly exceeding 200 m and below 5◦). The primary soil type in the study area is
typic black soil, the thickness ranges from 50 to 60 cm. This soil has a pH value of 5.8 and
exhibits high-fertility characteristics, including an organic matter content of 54.71 g/kg, a
total nitrogen content of 2.58 g/kg, and a total phosphorus content of 1.00 g/kg. The soil
texture is mostly classified as clay loam, indicating that the soil is fine, which contributes to
its high fertility and capacity to retain moisture and nutrients, making it suitable for the
cultivation of crops such as soybeans and corn, which are predominant in this region.

2.2. Technical Flowchart

This study established enhanced target recognition models by integrating remote
sensing data and object-oriented auxiliary data into the dataset used for the model. Models
constructed using two different datasets—one based only on original remote sensing
imagery and another combining remote sensing imagery with OBIA—were assessed for
their accuracy in recognizing objects. The purpose of this study was to evaluate and
compare the precision and efficiency of multiple models in identification waterlogged areas
of slopping cropland within a specific study area. Initially, a dataset was established using
original remote sensing imagery, which was then further processed using the MRS method
to obtain another data set marking as OBIA feature data set. Deep learning models were
separately trained on these two types of data set, and the accuracy of each model was
evaluated with the ultimate goal of achieving precise identification of waterlogged areas.
Figure 2 illustrates the flowchart of this study.
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1KF01B image of the Qianjin subwatershed; (c) boundary labeling of some waterlogged areas in 
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2.3. Remote Sensing Data Sources and Data Processing

The remote sensing image data used in this study were obtained from BIGEMAP soft-
ware, version 25.5.0.1 (http://www.bigemap.com/, accessed on 23 March 2024) and the of-
ficial website of the Jilin-1 satellite (https://www.jl1mall.com/, accessed on 23 March 2024).
BIGEMAP integrates multiple mapping resources, including Google Maps, Tianditu, and
Baidu Maps. The map data used for this study was chosen from a collection of remote
sensing images captured at different locations and in different seasons with varied reso-
lutions. The objective was to ensure that the trained model could be used in most remote
sensing imaging application scenarios, thereby improving the model’s universality. Finally,
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the dataset comprised high-resolution images obtained from Google Maps, Mapbox, and
JL-1KF01B, including a total area of over 1000 km2. The detailed information of maps used
in this study is described in Table 1.

Table 1. Data sources and information.

Data Sources Time Spatial Resolution (m) Area (km2) Center Coordinate Application Description

Google Maps October 2021 0.20 105.51 126◦42′36′′ E, 47◦22′12′′ N

Training and validation dataMapbox July 2022 0.30 171.72 126◦45′02′′ E, 47◦27′05′′ N
Google Maps July 2022 0.30 316.26 127◦00′00′′ E, 47◦24′36′′ N

Mapbox October 2021 0.30 316.26 127◦00′00′′ E, 47◦24′36′′ N

Jilin-1 October 2022 0.50 52.41 126◦50′24′′ E, 47◦22′12′′ N
Prediction dataMapbox July 2022 0.30 52.41 126◦50′24′′ E, 47◦22′12′′ N

2.4. Object-Based Image Analysis

Object-based image analysis (OBIA) operates on the principle of using image objects,
or segments, as the fundamental units of analysis. Image segmentation, the fundamental
process of OBIA, employs certain algorithms and scales to divide an entire image region
into collections of pixels with high feature similarity, creating “image objects” [24]. The
object-based technique is more effective than traditional pixel-by-pixel analysis at reduc-
ing noise in the classification process and differences within classes and similarities be-
tween classes, further improving classification accuracy. MRS is specifically developed for
high-resolution remote sensing imagery, utilizes the layered properties of images and
caters to the extraction requirements of features at various scales. This ensures that the
segmentation outcomes closely correspond to the real boundaries of a property.

The segmentation scale, shape, and compactness are the three factors that most sig-
nificantly affect image segmentation effectiveness in MRS. Because different features have
varied spatial characteristics, each feature type necessitates specific segmentation criteria.
The segmentation scale determines the quantity and dimensions of the segmented entities.
A smaller scale parameter leads to a greater quantity of entities with more fragmented
boundaries, whereas a larger scale parameter has the opposite effect. The compactness
parameter affects the degree of fragmentation in the segmentation process, where a lower
compactness value results in more fragmented segmented objects. The shape parameter
influences the degree of size variation observed among segmented objects. A greater shape
parameter leads to a reduction in the size variability among segmentation results.

eCognition Developer software, version 10.3, which is extensively used for object-oriented
image analysis, includes the Estimation Scale Parameter 2 (ESP 2) plugin [25]. This plugin was
specifically developed to compute the local variance (LV) and its rate of change (ROC) at
various segmentation scales. According to the rate of LV change, the best segmentation
scale can be found at points where the ROC changes substantially. The extreme points on an
ROC curve show where the best segmentation points are for each feature. In addition, we
utilized the global Moran’s I to evaluate the variation across objects and used the gray level
co-occurrence matrix entropy (GLCM_ENTROPY, GE) to quantify the consistency within
objects. The optimal segmentation scale in this study was determined by identifying the
intersection point between the scale values of both Moran’s I and GLCM entropy following
normalization. Previous research demonstrated that the shape parameter for fine gully
segmentation was between 0.3 and 0.5 and that the compactness parameter was between
0.5 and 0.7 [26]. Referring to these research findings and the visual interpretation of segmen-
tation results, the optimal combination of shape and compactness factors was determined
on the premise of optimal segmentation scale. Then, object-oriented image segmentation
was implemented via MRS based on these determined segmentation parameters.

2.5. Dataset Production

Before establishing the training samples, this study employed visual interpretation
techniques on remote sensing imagery to demarcate waterlogged areas. This process
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entailed pinpointing the exact positions of the waterlogged areas in the images and trans-
forming these regions into foreground data in raster format while marking other non-
waterlogged features as background. As depicted in Figure 3, for summer imagery, the
boundaries of erosion gullies in sloping cropland exhibit limited visual clarity and areas
that have not yet formed into erosion gullies are also difficult to be accurately defined
due to vegetation cover. In autumn, poor crop growth and soil erosion usually occur in
waterlogged areas, which lead to the presenting distinct black areas. Considering the lim-
ited extent of the waterlogged areas in the study area, ArcGIS software, version 10.8, was
used to label the waterlogged areas in the remote sensing data. In total, 638 waterlogged
areas were identified via visual interpretation. Data labels were obtained by cropping these
marked waterlogged areas.
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In this study, two types of training samples were constructed based on original remote
sensing imagery and OBIA imagery for training deep learning models. A sliding window
with an overlap ratio of 0.4 was employed for the remote sensing imagery. To utilize the
computer and model effectively, the photos were chopped into pairs with 512 × 512 pixels
to create training examples. By removing labels with very small area proportions, a total of
4000 samples were acquired. All samples contained both foreground and background parts,
and they were divided at a ratio of 3:1 for the training and validation of the deep learning
model. The un-cropped remote sensing images were processed using the MRS method to
generate MRS vector data, which were then converted into raster binary data corresponding
to the pixels, with boundary pixels marked as 1 and other pixels marked as 0. This ensured
that the MRS data corresponded one to one with the pixels of the remote sensing images, and
sliders were used for cropping at the same locations as the remote sensing images to obtain
a data set with a matching boundary. The OBIA and deep learning dataset was created by
adding a single-band binary image from the MRS dataset to the original remote sensing
image’s three RGB bands. Since the cropping locations of both images were exactly the same,
they could be overlaid to form four-channel image data. The two types of training samples
were based on the same image foundation, with identical cropping methods and locations,
ensuring that both sets had the same number of samples and the same precision.

2.6. Building Deep Learning Model

In this study, five widely used semantic segmentation models were selected as the
main frameworks for deep learning, namely SE-FCN8s, U-Net, DeepLabV3+-Xception,
DeepLabV3+-MobileNetV2, and FC-DenseNet103. SE-FCN8s is developed from FCN8s
by integrating the channel attention mechanism squeeze and excitation network (SENet)
into each of the four upsampling layers of the FCN8s. U-Net, a different convolutional
neural network, employs an encoding and decoding approach to maximize the utilization
of information within the network. DeepLabV3+ has a unique atrous convolution module
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that, when combined with the atrous spatial pyramid pooling (ASPP) module, makes
it possible to extract features at different scales [27]. We used the DeepLabV3+ model
with two different backbones: MobileNetV2 and Xception. The MobileNetV2 backbone
is less complex than the Xception backbone and requires only half the training time [28].
FC-DenseNet enhances the structure of FCNs by augmenting the model depth, thereby
enhancing accuracy.

We employed weighted cross-entropy as a loss function to address the problem of
imbalanced positive and negative samples in image classification. This method amplifies
the importance of positive samples in the loss function, effectively improving the recogni-
tion accuracy of the model. The Adam optimizer was chosen for binary classification tasks.
Due to the intricate nature of the model architecture and the constraints on the number of
training samples, data augmentation involving flipping images horizontally and vertically
and rotating them randomly was implemented to enhance the model’s ability to generalize.
During the process of feeding data into the model, data augmentation was applied to all
samples inputted in each epoch.

The models were trained in a Python 3.9 environment using the PyTorch 1.12 frame-
work and took advantage of CUDA 11.3 for GPU (A5000, 24 GB) acceleration to improve
computational performance. The learning rate was uniformly set to 2 × 10−4. The batch
size, which determined the number of samples input into the model at one time, was
adjusted to the maximum capacity of the GPU memory for all models. During the deep
learning process, the training epochs were extended until the model accuracy reached
a stable state, ensuring consistent model training. At the same time, the parameter con-
figurations were maintained consistently before and after the introduction of OBIA to
mitigate potential errors arising from parameter discrepancies. Table 2 shows the detailed
information and parameter settings of models.

Table 2. Model parameters and settings.

Approach Models Backbones Epochs Time (min/epoch)

Deep Learning

SE-FCN8s VGG19 100 4.4
U-Net — 100 4.1

DeepLabV3+ MobileNetV2 80 3.9
DeepLabV3+ Xception 80 6.4

FC-DenseNet103 — 50 41.7

OBIA and Deep Learning

SE-FCN8s VGG19 100 5.1
U-Net — 100 4.2

DeepLabV3+ MobileNetV2 80 4.7
DeepLabV3+ Xception 80 7.5

FC-DenseNet103 — 50 42.7

2.7. Accuracy Evaluation

To assess the reliability of the model in identifying waterlogged areas on sloping
cropland, we employed precision assessment measures to analyze the outcomes. The eval-
uation indicators include precision, recall, the F1-score and the kappa coefficient. Precision
represents the proportion of correctly identified positive samples to all samples identified as
positive; recall reflects the proportion of correctly predicted positive samples to the actual
ground truth positive samples; the F1-score is the harmonic mean of precision and recall,
providing a measure of their combined performance and the kappa coefficient assesses the
consistency of model predictions with actual classifications, calculated based on a confusion
matrix. Area accuracy refers to the ratio of the area correctly predicted by the model to the
total area, used to indicate the model’s accuracy in predicting areas. The values of precision,
recall, area accuracy, and the F1-score range from 0 to 1, with values closer to 1 indicating
better model performance. The kappa coefficient ranges from −1 to 1, where −1 indicates
total inconsistency and 1 indicates complete consistency, making it a key indicator of model
prediction accuracy. The formulas for these metrics are as follows:
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Precision =
TP

TP + FP
(1)

Recall =
TP

TP + FN
(2)

F1-score =
2Precision · Recall
Precision + Recall

(3)

Kappa =
Po − Pe

1− Pe
(4)

Area accuracy =
TP + TN

TP + FP + FN + TN
(5)

Po =
∑C

i=1 Ti

n
(6)

Pe =
∑C

i=1 ai ∗ bi

n2 (7)

In these formulas, TP refers to the number of waterlogged area grids correctly identi-
fied by the model, FP represents the number of grids erroneously predicted to be water-
logged areas, FN represents the number of waterlogged area grids that the model failed to
identify, and TN refers to the number of correctly identified non-waterlogged area grids. Po
is calculated as the sum of correctly classified samples in each class divided by the total
number of samples. C represents the total number of categories, which was set to two in
this study. Ti represents the number of accurately categorized samples in each category.
The actual number of samples in each class is referred to as a1 and a2, while the predicted
number of samples in each class is denoted as b1 and b2.

3. Results
3.1. Optimal Segmentation Parameters for Remote Sensing Images

We used the ESP 2 tool to investigate the LV and ROC at different segmentation
scales within the imagery. Nine segmentation scale values were calculated by selecting the
extremum points of the variance change rates to analyze the homogeneity and heterogeneity
of the segmented objects, as shown in green in Figure 4a. During the initial selection step,
the shape and compactness parameters were set to 0.5 and 0.7, respectively. This design
made it easier to collect MRS results from the nine segmentation scales. The normalized
Moran’s I and GE were subsequently calculated (Figure 4b).

Figure 4 shows that the normalized Moran’s I typically decreased but the normalized
GE increased, with the segmentation scale increasing. These two variables intersected at a
segmentation scale of 90.25, where the balance between how similar things were within
each segmented object and how dissimilar they were from one another struck a sweet
spot. However, this point was useful for the overall view; it was not always ideal for
identifying waterlogged areas. According to this intersected point, we selected four scales
around 90.25, which were 88, 89, 90, 91, and 92 to compare the segmentation results at
different scales with the delineation of waterlogged area boundaries. We determined 89 as
the segmentation scale for identifying waterlogged areas in our study zone.

Under a segmentation scale of 89, we set different shape and compactness factors.
Segmentation results with different parameters can be seen in Figure 5. Decreasing the
values of the shape and compactness parameters contributed to a fragmented outcome.
When the shape parameter was set to 0.3, the segmentation result showed an excessive
number of pieces, surpassing our requirements (Figure 5, #1). Conversely, excessively
increasing the shape parameter and enhancing compactness leads to under-segmentation,
resulting in loss of details at a shape parameter value of 0.5 (Figure 5, #2). After testing
several combinations, a shape parameter of 0.4 and a compactness parameter of 0.6 yielded
optimal results in segmentation quality and accuracy.
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3.2. Conventional Deep Learning Algorithms for Waterlogged Area Recognition

The results of conventional deep learning-based identification show significant dif-
ferences in validation accuracy among the various models for the task of recognizing
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waterlogged areas, as detailed in Table 3 and illustrated in Figure 6. In precision assess-
ment, the Xception model led the pack with a precision rate of 60.9%, while SE-FCN8s,
U-Net, and MobileNetV2 hovered around 59%. FC-DenseNet103 had inferior performance
compared to the other models. On the other hand, analysis of the recall rates demonstrated
that SE-FCN8s and U-Net had much poorer performances than the other three models,
which might be attributed to the simpler architectures of these two models and their con-
strained ability to perform comprehensive picture recognition. The results for area accuracy
reveal that all models achieved a prediction accuracy exceeding 95%, indicating strong
classification performance. Notably, the Xception model demonstrated the highest level
of precision, distinguishing itself as the most accurate among the tested models. Figure 6
emphasizes the drawbacks that SE-FCN8s and U-Net encounter when learning and fitting
models. When evaluating the overall performance of the models, the Xception model
had superior classification accuracy compared to the other models, as evidenced by its
high F1-score and kappa coefficient. In contrast, the performance of the U-Net model was
the poorest.

Table 3. Recognition results and accuracy statistics of different models.

Models Epochs Precision (%) Recall (%) F1-score (%) Kappa Area Accuracy (%)

SE-FCN8s 100 59.1 41.5 48.8 0.41 95.5
U-Net 100 59.1 34.8 43.8 0.37 95.4

MobileNetV2 80 59.4 47.2 52.6 0.46 96.9
Xception 80 60.9 47.5 53.4 0.47 97.0

FC-DenseNet103 50 54.6 48.0 51.1 0.43 96.3
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When assessing the trained models, we found significant differences in the efficacy
of recognizing two distinct types of waterlogged areas: erosion areas in sloping areas
(Figure 7) and erosion risk areas (Figure 8). Generally, the models were able to identify
the approximate locations of waterlogged areas. However, the accuracy of their border
definitions required improvement. Specifically, the models performed significantly better
when recognizing sloping cropland erosion zones than when recognizing erosion risk
zones. The U-Net model had the smallest range of recognition in identifying cropland
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erosion zones (Figure 7). All the models struggled to maintain the continuity of the sloping
cropland erosion zones; especially SE-FCN8s, U-Net, and FC-DenseNet103 had significant
issues, as shown in Figure 7 (#1). The MobileNetV2 model, however, displayed more severe
fragmentation with a strong influence of noise (Figure 7d). In terms of accuracy, SE-FCN8s
had the highest level of precision in identifying waterlogged areas (Figure 7b), while the
other models occasionally misidentified passageways between fields as waterlogged areas
(Figure 7, #2). However, SE-FCN8s had significant issues with incorrect classification and
information omission, which resulted in subpar recognition outcomes in identifying erosion
risk zones (Figure 8, #1 and #3). Additionally, some models incorrectly recognized roadways
as waterlogged areas (Figure 8, #2). MobileNetV2 exhibited superior recognition efficacy
compared to the other models, with fewer errors and more accurate border identification
(Figure 8d). This indicated its superior adaptability in identifying waterlogged areas.
These findings emphasize that the performance of deep learning models in recognizing
waterlogged areas varies depending on the model and feature. This implies that further
enhancements are necessary for enhancing recognition accuracy and boundary precision.
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3.3. The Integration of OBIA and Deep Learning for Waterlogged Area Recognition

To improve the accuracy of the models in terms of recognizing objects, we integrated
the results of object-oriented image segmentation into the deep learning models. As de-
picted in Figure 9, when incorporating object-oriented data, all models exhibited substantial
enhancements in both F1-score and kappa coefficient compared to the model trained on
image information alone. The improvement in area accuracy is relatively limited. Notably,
the SE-FCN8s and U-Net models displayed particularly significant gains, with SE-FCN8s
achieving a remarkable increase in accuracy of approximately 10%. By implementing
this novel approach, MobileNetV2 demonstrated superior recognition accuracy, followed
closely by SE-FCN8s. Both achieved F1-scores approaching 60%.

The inclusion of the object-oriented approach not only improved the overall accuracy
of the models but also effectively resolved the problem of fragmentation caused by charac-
teristics that were challenging to identify or pixel-based semantic segmentation noise. The
SE-FCN8s model, upon including object-oriented data, effectively reduced the noise in the
images, while the U-Net model introduced more noise during this procedure (Figure 10, #1).
Additionally, omission errors were reduced in all the models (#2). The MobileNetV2 and
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Xception models had similar tendencies to erroneously classify road edges as waterlogged
areas (Figure 10, #3), while the FC-DenseNet103 model demonstrated a more conservative
recognition threshold, leading to a greater number of omission mistakes. In terms of the
recognition results, the MobileNetV2 model demonstrated superior performance. These
results suggest that integrating object-oriented image segmentation outcomes might sig-
nificantly enhance the precision and robustness of deep learning models in identifying
waterlogged areas.
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When analyzing the impact of integrating OBIA data on model accuracy, we observed
variations in accuracy when MobileNetV2 was used, as shown in Figure 11. During the
initial training phase, which covered the first 10 epochs, both the model utilizing the OBIA
and deep learning imagery and the model relying purely on the original imagery had
comparable rates of convergence. However, the former had higher initial accuracy. This
phenomenon may be attributed to the heightened intricacy of the OBIA and the deep
learning model, which led to diminished accuracy during the initial stages of the learn-
ing process. However, after 20 epochs, the rate at which the model relying only on the
original images was fitting started to fall, whereas the rate at which the model including
the object-oriented strategy was learning decreased more slowly. Ultimately, the proposed
algorithm outperformed the original image-based algorithm, attaining superior and consis-
tent accuracy in the final outcome. This illustrates that while the incorporation of OBIA
data may initially hinder the development of accuracy due to the heightened complexity
of the model, in the long run, this technique can significantly enhance the efficiency of
the model’s learning process and ultimately improve its accuracy. This approach greatly
enhances the efficiency of deep learning models for specific tasks, demonstrating that an
enhanced deep learning model is a good approach for enhancing outputs.

Finally, we employed an enhanced MobileNetV2 model to identify the waterlogged
area in the Qianjin subwatershed. The outcomes are displayed in Figure 12. Upon ex-
amining the identification of waterlogged areas in summer and autumn, we observed
that the waterlogged areas in summer primarily consisted of sloping cropland erosion
zones; however, there was a mixture of both sloping cropland erosion zones and areas at
risk of erosion in autumn. The summer recognition results surpassed those in autumn
in terms of both range and precision. The primary factors contributing to the decreased
performance during autumn were the heightened presence of bare soil and residual straw,
which diminished the color contrasts in the images and diminished the overall differentia-
tion between terrain characteristics. This finding highlighted the significance of selecting
imaging data that correspond to seasonal patterns to increase the efficiency of identifying
waterlogged areas. The identifying of waterlogged areas is helpful to make runoff regu-
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lation strategy. The goal is to prevent the future growth of waterlogged areas and their
accompanying hazards.
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4. Discussion

Deep learning enhances the ability to identify waterlogged areas by acquiring ad-
vanced identification skills through the extraction of deep characteristics from images.
However, this approach still relies on pixel-based categorization determinations, where
classification is based on probabilities of different categories, potentially leading to the
inclusion of noise and indistinct borders. Combining deep learning with OBIA, which
focuses on identifying features based on objects rather than pixels, might enhance model
accuracy [21,29,30]. Based on such assumptions, a series of studies was conducted. The
efficacy of this combination exhibits substantial variation contingent upon the object be-
ing identified and the model employed [31,32]. The primary objective of this work was
to investigate changes in accuracy and their influence on outcomes when diverse deep
learning models incorporated object-oriented methodologies. CNN and U-Net models
were often combined with OBIA techniques in present studies because their architectures
are not excessively complicated. Our result also showed that these two models provided
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significant accuracy enhancements when utilized in conjunction with object-oriented data
(Figure 9), and their lower computational requirements made them easy to apply. How-
ever, when OBIA was combined with other advanced models such as FC-DenseNet103
and DeepLabV3+-Xception, they exhibited less significant improvement, even though
they were better at extracting high-level characteristics. In this study, we observed that
DeepLabV3+-Xception performed best, while DeepLabV3+-MobileNetV2 showed the best
performance after applying OBIA images (Figure 9). Both Xception and MobileNetV2
utilize depthwise separable convolution technology, but Xception aims to increase model
parameters [33], whereas MobileNetV2 aims to compress the model and increase speed. It
therefore has fewer model parameters. Many studies indicate that, given sufficient com-
putational resources, Xception’s accuracy surpasses that of MobileNetV2 as Xception can
provide more boundary information, which is consistent with our results of using original
images [34]. Though after applying OBIA images, MobileNetV2 showed a more significant
improvement, signifying that the added boundary information helps MobileNetV2 capture
some complex textures which are difficult for it to recognize on its own. However, the re-
sults were very similar after 100 iterations for the two models (Figure 9), indicating further
exploration needed to determine whether there is still room for improvement in Xception.
Above all, to obtain the highest possible accuracy in recognition by deep learning, it is
important to consider the model’s complexity and how well it works with OBIA techniques.

When dealing with a high-resolution image, an increase in resolution has both ad-
vantages and disadvantages. On the one hand, it reduces mixed pixels and facilitates the
discernment of intricate details. On the other hand, it accentuates the similarity between
different features and noise. It was particularly evident in the task of identifying water-
logged areas with lack distinct boundaries. Using OBIA techniques helped with some
problems that come with pixel-based semantic identification, such as blurred edges and
the presence of noise. OBIA and deep learning approach led to better consistency for
related features, as shown in Figure 10. After implementing object-oriented approaches,
the DeepLabV3+-MobileNetV2 model achieved a significant increase in accuracy, with a
maximum improvement of 6%, even though its F1-score only reached 59%. A comparison
with research conducted by Guirado et al. demonstrated that the utilization of object-
oriented analysis with Mask R-CNN resulted in 81% increase in the accuracy of vegetation
cover identification [29]. This finding implied a potential inverse correlation between the
complexity of the model and the improvement degree in accuracy. Our results emphasized
the efficacy and promise of OBIA techniques for improving the ability of deep learning
models to handle intricate feature recognition tasks, especially in situations involving
high-resolution imagery.

Research of waterlogged areas focuses on the erosion gully in sloping cropland, but
research on erosion risk areas which have not developed erosion gullies is quite limited. The
primary reason is that regions of erosion on sloping cropland are more prevalent and have
more distinct boundaries, rendering them easier to identify. Nevertheless, erosion risk areas
pose greater potential risks and are easier to manage in their early stages. We conducted a
statistical comparison of the contributions of our study and those of existing technologies,
and the results are presented in Table 4. While deep learning models have been refined
in numerous studies, resulting in improved identification accuracy ranging from 70% to
84%, it is worth noting that these studies typically utilize low-resolution images [35,36].
Our focus was on investigating the impact of integrating OBIA with various deep learning
models and high-resolution images. There is great potential for enhancing the performance
of models through better tuning and processing of data. Subsequent studies will prioritize
the exploration of improved methodologies for the optimal utilization of high-resolution
remote sensing imagery in order to accurately identify erosion sites and determine their
associated danger zones.
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Table 4. Results from different studies.

Research Method Accuracy Application Scenarios Image Resolution

This study OBIA + multiple deep learning models F1-score: 53–60% Waterlogged area identification 0.3–0.5 m
Wei et al. [21] OBIA + FCN8s F1-score: 83% Land use identification 0.5 m

Zhao et al. [37] OBIA + CNN Precision: 70% Land use identification 0.5m
Ghorbanzadeh et al. [38] OBIA + ResU-Net F1-score: 76% Landslide detection 10 m

Guan et al. [23] OBIA + Gaussian Mixture Model (GMM) F1-score: 84% Flooded crops identification 10 m

Recent research on enhancing recognition accuracy has shown two primary pathways
for improving accuracy by combining OBIA methodologies and deep learning. The first
approach is conducting OBIA to select and combine characteristics prior to inputting these
data into a deep learning model for training [38,39], which was used in our study. The
second approach implied employment of deep learning for initial image analysis, followed
by merging the results with OBIA to enhance the ultimate recognition results [19,21]. In
order to investigate more effective utilization of object-oriented approaches, we combined
the two methods described above. Specifically, we integrated the MobileNetV2 model
with OBIA image segmentation twice. The identification results of waterlogged areas were
initially obtained using the method developed in this study. Subsequently, the boundary
information acquired from OBIA was employed to determine the proportion of identified
waterlogged areas within the boundaries defined by OBIA to optimize the recognition results.
As illustrated in Figure 13, this approach further mitigated problems associated with indistinct
boundaries. Notably, integrating the selected segmented objects with the model’s recognized
objects greatly improved the precision of the recognition of borders. This is demonstrated in
the image where the model accuracy was improved when the model’s outcomes encompassed
50% and 25% of the segmented objects. This method improved the boundary information by
integrating OBIA data before and after the deep learning framework. Yin and his colleagues
enhanced the accuracy of boundary recognition by incorporating a Spatial Transformation
Network (STN) into their approach [40]. This modification resulted in favorable outcomes
and demonstrated potential for future investigation.
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Our study mostly used the shape cues of objects acquired from images to recognize
waterlogged areas, without considering other factors that could affect the accuracy of
detection. Prior research has shown that the digital elevation model (DEM), an essential
part of topography, was crucial for identifying features beyond what can be seen in images
alone [41,42]. Researchers such as Chen Rong have successfully enhanced the accuracy
of models by approximately 2–5% by integrating topographic elements into their data
sources, as opposed to models that exclusively depend on photography [43]. Neverthe-
less, our study did not consider the impact of terrain or other factors on the creation of
waterlogged areas, as we lacked DEM data with a matching resolution and relied solely on
high-spatial-resolution remote sensing photos. In light of this, it is imperative for future
studies to explore in greater detail the influence of many factors, such as topography and
vegetation, on the precision of models used to identify waterlogged areas [44,45]. It will
not only increase the overall recognition accuracy of the models, but will also augment
their understanding and identification capacities for intricate terrain characteristics.

5. Conclusions

This study integrated OBIA and deep learning approaches to efficiently identify wa-
terlogged areas using high-resolution remote sensing images. By conducting a comparative
investigation of various semantic segmentation models, including SE-FCN8s, U-Net, Mo-
bileNetV2, Xception, and FC-DenseNet103, we arrived at the following main conclusions.

The optimal parameters for segmenting waterlogged areas in object-oriented MRS
were a segmentation scale of 89, a shape parameter of 0.4, and a compactness parameter
of 0.6. Among all the deep learning models, the Xception model exhibited exceptional
classification accuracy, with a precision of 60.9%, an area accuracy of 97% and an F1-score
of 53.4%. This highlighted its remarkable ability to recognize waterlogged areas. More
precisely, the SE-FCN8s model exhibited superior performance in detecting areas with
sloping cropland erosion, whereas the MobileNetV2 model exhibited excellent performance
in identifying regions with a high risk of erosion.

Among the models that incorporated OBIA images, the MobileNetV2 model demon-
strated the highest F1-score, achieving a rate of 59%. This finding suggested that this
model achieved optimal performance when utilized in conjunction with object-oriented
approaches. The implementation of OBIA technology led to an increase in accuracy of
approximately 6%. This improvement enhanced the model’s ability to handle ambiguity at
edges, reduced image noise, and improved the continuity between terrain objects. However,
this approach did not have a significant effect on misclassification issues.

By employing high-resolution images and integrating OBIA and deep learning tech-
niques, this study successfully detected waterlogged areas in sloping cropland. The recog-
nition accuracy for sloping cropland erosion areas was notably superior to that for erosion
risk areas. The recognition performance in the summer was better than that in the autumn,
yet challenges such as indistinct borders and incorrect categorization persisted.
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