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Automated extraction of mining-induced ground fissures using 

deep learning and object-based image classification 

 

Abstract: Accurate extraction of ground fissures caused by intense coal mining has 

the potential to significantly improve the efficiency of environmental monitoring in 

mining areas. However, the extraction results using previous methods have often 

exhibited issues of discontinuity and substantial deviation from ground truth data, 

resulting in low extraction accuracy. In this study, a novel approach, ENVINet5-OBIC, 

for extracting ground fissures in mining areas is proposed, which integrates 

object-based image classification (OBIC) with the pixel-based deep learning model 

ENVINet5. ENVINet5-OBIC uses OBIC to segment high-resolution unmanned aerial 

vehicle (UAV) images across different scales, effectively considering shape, texture, 

and correlative information between adjacent pixels. Furthermore, by utilizing 

homogeneous objects as building blocks, it establishes a deep learning model for the 

automated extraction of ground fissures. Experimental results show that 

ENVINet5-OBIC performs better when compared to OBIC, U-Net, PSPNet, and 

ENVINet5 methods in terms of continuity, accuracy, and error reduction. In addition, 

the ground fissure area extracted by ENVINet5-OBIC closely aligns with ground truth 

data. This study provides a more effective method for automatic extraction of ground 

fissures, which improves the efficiency of environmental monitoring in mining areas. 
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1. Introduction 

The intensive extraction of underground coal resources can disrupt stress patterns 

within overlying rock layers, resulting in surface collapses and the formation of 

ground fissures (Hu & Wang, 2014; Malinowska & Hejmanowski, 2016; Qiu et al., 

2022; Ma et al., 2023). These ground fissures may lead to disturbances in vegetation 

and cultivated land, potentially posing a severe threat to residents’ well-being and 

giving rise to an array of social and economic challenges in mining regions (Kong et 

al., 2016; Chen et al., 2020; He et al., 2020; Pei et al., 2023; Liu et al., 2024). 

Therefore, accurate identification and extraction of ground fissures is crucial to 

improve the efficiency of environmental monitoring and develop effective prevention 

measures for mining in vulnerable ecosystems. 

Traditional methods of acquiring ground fissure information are mainly based on 

measurements using GPS and other instruments (Zhao et al., 2013; Li et al., 2017; 

Zhou et al., 2019). These methods are time-consuming and labor-intensive, often 

leading to delays in obtaining timely information on ground fissure evolution, thus 

affecting prompt analysis and assessment (Zhao et al., 2013, 2021). With the 

improvement of sensor resolution, remote sensing technology has been widely used in 

the field of geological hazard investigation and monitoring. For example, Synthetic 

Aperture Radar Interferometry (InSAR) is used for the detection and monitoring of 

large slope deformations (Michoud et al., 2016; Ye et al., 2024) and the prediction of 

catastrophic slope failures (Carlà et al., 2019; Zhou et al., 2022). High-resolution 

unmanned aerial vehicles (UAV) images have been used to extract ground fissures 

from coal mining subsidence (Yang et al., 2022) and loess areas (Jia et al., 2021). 

Zhao et al. (2021) used UAV and infrared thermal imager to identify mining-induced 

ground fissures. Most ground fissures are only a few centimeter in width, and it is 
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difficult to identify them using optical satellite remote sensing data (Liu et al., 2019; 

Yang et al., 2019; Fu et al., 2021). Fortunately, UAV can deliver images at the scale of 

centimeters, which can fully display distribution patterns of ground fissures, and 

hence UAV imagery has been used to identify ground objects (Jia et al., 2021; Zhao et 

al., 2021; Jiang et al., 2022; Yang et al., 2022; Yang et al., 2023).  

Ground fissure extraction methods involving UAV images mainly include visual 

interpretation, threshold segmentation, edge detection, and machine learning. While 

visual interpretation is a classical method, it is of low efficiency and requires 

substantial human resources and expertise. Threshold segmentation is very sensitive 

to noise (Kheradmandi and Mehranfar, 2022), especially when the spectral signatures 

of the object and the background are very similar as it this complicates the 

identification of universal thresholds. In contrast, automated extraction techniques 

like edge detection and machine learning have been extensively applied in fissure 

extraction related to, for example, roads (Zhang et al., 2019; Fei et al., 2020), bridges 

(Zhang et al., 2016, 2018; Perry et al., 2020; Zollini et al., 2020), and landslides 

(Stumpf et al., 2013; Qu et al., 2021; Wang et al., 2022). The purpose of edge 

detection is to identify points where brightness changes across the digital images. 

Common edge detection operators include Sobel, Laplacian, and Canny (Zhang et al., 

2019; Nnolim, 2020). While Sobel works well in the processing of gray gradient and 

noisy images, it is not suitable for edge positioning or edges of more than one pixel. 

Nevertheless, it has been successfully applied in edge detection of low precision (Tian 

et al., 2021; Kong et al., 2023). Laplacian is sensitive to noise and rarely used for 

edge detection, while Canny is not easily disturbed by noise and can detect true weak 

edges; however, some studies have confirmed that it has not achieved satisfactory 

results in extracting ground fissures in mining areas (Jiang et al., 2022; Yang et al., 
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2022). Furthermore, vegetation contours are easily misclassified as edges, resulting in 

poor generalization performance. Machine learning primarily involves learning and 

extracting features from annotated samples that are used to predict and categorize 

unlabeled samples (Parker et al., 2011; Daniel et al., 2012; Cheng et al., 2013; Chen et 

al., 2018; Zhang et al., 2020; Ye et al., 2022). Traditional machine learning networks 

tend to be shallow, relying heavily on labeled samples, and are susceptible to errors. 

Deep learning excels at capturing intricate features of objects and has reached 

remarkable levels of performance, encompassing tasks like semantic segmentation 

(Andres et al., 2018; Ji et al., 2020; Du et al., 2021; Yuan et al., 2023), object 

detection (Ammour et al., 2017; Bhowmick et al., 2020; Kaur & Singh, 2022; Yu et al., 

2022), and image classification (Zhang et al., 2011; Chan et al., 2015). However, deep 

learning methods available for ground fissures extraction mainly classify spectral 

features of images based the spectral information of a single pixel. Either adjacent 

pixels of the same object will be divided into different categories based on spectral 

differences or adjacent pixels of different objects will be divided into the same 

category based on spectral similarities. In contrast, object-based image classification 

(OBIC) takes adjacent pixels with the same or similar features as a homogeneous 

object, and homogeneous objects of different sizes replace pixels as the basic unit of 

image classification. In the classification process, a broad range of information is 

considered for each object including spectral signature, shape, texture, shadow, and 

spatial position, which describes the semantic relation between objects and can 

improve the recognition accuracy (Lu et al., 2011, 2020; Stumpf & Kerle, 2011; 

Eeckhaut et al., 2012; Martha et al., 2012; Hölbling et al., 2019). OBIC has been 

widely used in image classification of high-resolution images to overcome the 

shortcomings of pixel-based classification (Blaschke et al., 2014). 
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This research proposes the ENVINet5-OBIC approach, which combines the deep 

learning model ENVINet5 with OBIC. The UAV image is segmented by OBIC, and 

then the ground fissure datasets are created by manually marking the object, providing 

a training set (TS) and a verification set (VS). The label raster is extracted from these 

datasets, and the deep learning model is constructed to automatically extract the 

fissures. To verify the feasibility of the proposed method, the extraction results of 

ground fissures are compared with those using OBIC and ENVINet5. 

2. Study area and datasets 

2.1. Study area 

Zichang County is located in the north of Yan'an, Shaanxi Province, China. It sits 

within the hinterland of the Loess Plateau, positioned between 109°11'58"E ~ 

110°01'22"E, and 36°59'30"N ~ 37°30'00"N (Figure 1a). The county spans 

approximately 72 km from east to west and 56 km from north to south, covering a 

total area of 2405 km2. Elevations gradually drop from 1564 m in the northwest to 

906 m in the southeast. The landscape is characterized by the typical undulating hilly 

ridges and intricate gullies of the Loess Plateau (Figure 1b). The region is intersected 

by the three rivers Qingjian, Wuding, and Yanhe. The prevailing climate is semi-arid 

continental monsoon with notable temperature fluctuations. The mean annual 

temperature is 9.1℃, with a mean annual precipitation of 514.7 mm and a frost-free 

period spanning 175 days. The region is known for its abundant coal resources, but 

mining activities often disrupt the geological equilibrium, leading to a cascade of 

ground fissure-related incidents that threaten ecosystems and the safety of the coal 

mines. 

The study area of 0.459 km2 within the coal mining region was selected because 

of the many ground fissures (Figure 1c-k). Elevations range from 1126 to 1301 m, and 
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slopes range from 1.0° and 44.6°. The vegetation consists of mainly shrubs and 

grasses with scattered trees. 

 

FIGURE 1 (a) The study area lies within Zichang County in the Loess Plateau of 

China. (b) Geological map of the study area. (c) UAV image of the study area with 

field investigation sites. (d)-(k) Field investigation sites with ground fissures. 

 



7 
 

2.2. Data preparation 

A small multi-rotor DJI PHANTOM 4 was used to gather imagery at high 

resolution of 9.2 cm of surface ground fissures on 5 September 2020. The UAV has a 

FC6310R camera and flies at an altitude of 270 m at a speed of 7.9 m/s. A total of 30 

ground control points (GCPs) were set up, and their locations were obtained using a 

real-time kinematic global positioning system (RTK-GPS) with an absolute accuracy 

of 0.02 m and a root-mean-square error (RMSE) of 1.01 cm in the X, 0.49 cm in the Y, 

and 3.35 cm in the Z directions. Orthophotos with a resolution of 0.092 m were 

generated using Pix4Dmapper software. The UAV imagery revealed that ground 

fissures are distributed across flat and ridge areas as well as areas with lush vegetation. 

To mark the ground fissures, the UAV images were annotated manually and 

cross-verified using field observations, leading to the creation of the final ground 

fissure datasets. Datasets were then split into TS and VS subsets. To improve the 

robustness and generalization ability of the deep learning model and to avoid 

overfitting that results from an insufficient sample size, data augmentation was 

performed, including data flipping, rotation, and translation. 

3. Method 

Three methods were used to extract the ground fissures in the coal mining region 

from high-resolution UAV imagery (Figure 2). (1) OBIC: The images undergo 

multi-resolution segmentation; Region-of-Interest (ROI) tools are used to select 

ground fissure samples; the example-based OBIC is utilized to extract ground fissures. 

(2) ENVINet5: Ground fissure samples are manually marked on the images, 

generating a label raster; ENVINet5 is constructed to extract ground fissures. (3) 

ENVINet5-OBIC: After multi-resolution segmentation, ground fissure samples are 

manually marked on the images; a new label raster is generated to build the deep 
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learning model to extract ground fissures. Finally, extraction results are compared 

using a performance assessment. 

 

FIGURE 2 Workflow of ground fissures extraction. 

 

3.1. ENVINet5 model 

The ENVINet5 model, developed by ESRI based on the TensorFlow deep 

learning framework, follows an encoder-decoder architecture that is based on using a 

mask to classify every pixel in the remote sensing images (Ronneberger et al., 2015; 

Zhang et al., 2020). In addition, the framework uses convolutional neural network 

(CNN) to find spatial and spectral patterns in the image pixels that match with the 

provided training data. ENVINet5 offers exceptional flexibility, portability, and 

performance optimization capabilities. The model’s architecture consists of three 
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main components: downsampling, upsampling, and jump connections (Figure 3). 

TensorFlow is a symbolic math system based on data flow programming, and it is 

widely used to program various machine learning algorithms (Janardhanan, 2020; 

Zhang et al., 2020). In this study, the patch size of the model had to be defined, where 

the patch is a small picture introduced for training purposes. A patch size of 256 was 

selected, considering computational efficiency and predictive impact. Other parameter 

values were determined through randomized parameter experiments, where epochs of 

25 were established. The number of patches in each epoch was limited to 300. 

Additional model settings included: solid distance at 13.75, blur distance at 2.23, class 

weight at 1.37, and loss weight at 0.063. 

 

FIGURE 3 Deep learning model architecture. 

 

3.2. Example-based OBIC 

The ENVINET5-OBIC proposed in this study was generated by combining 

OBIC and ENVINet5. OBIC was used for the segmentation of the UAV images with 
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the best threshold. It involves the grouping of similar pixels into homogeneous objects 

that serve as the basic units for image classification and information extraction. OBIC 

uses geometric and semantic information, shape, texture, and topological relations of 

objects, and can obtain image classification results of higher accuracy than traditional 

pixel-based classification methods (Lu et al., 2011, 2020; Stumpf & Kerle, 2011; 

Eeckhaut et al., 2012; Martha et al., 2012; Hölbling et al., 2019). The OBIC-derived 

segmentation image was then used to label object samples to construct a label raster 

as input for ENVINet5. After the multi-resolution image segmentation according to 

the appropriate scale, ROI was used to select the samples of objects, while the support 

vector machine (SVM) model was used to achieve the object-based image 

classification. SVM is a machine learning algorithm based on structural risk 

minimization criteria, which is suitable for a high-dimensional feature space and 

statistical learning using a small sample; it has strong anti-noise ability (Cheng et al., 

2013). 

3.3. Accuracy assessment 

Various evaluation metrics were employed to assess the extraction performance, 

including overall accuracy (OA), Kappa coefficient (KC), precision, recall, F1-score, 

and Mean Intersection over Union (MIoU) (Landis & Koch, 1977; Sujatha & Selvathi, 

2015; He et al., 2021). OA represents the ratio of correct predictions to the total 

number of predictions. In contrast, precision is the proportion of correctly classified 

pixels to the total number of pixels in a category. Recall indicates the proportion of 

the number of correctly classified pixels to the actual pixels in the class. The F1-score 

is a comprehensive evaluation index that is the harmonic average of precision and 

recall. These assessment indices were calculated using a confusion matrix that 

includes metrics like true positive (TP), true negative (TN), false positive (FP), and 
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false negative (FN) (Fawcett, 2006). TP and TN are the number of accurately 

classified positive and negative samples, respectively; conversely, FP and FN are the 

number of incorrectly classified positive and negative samples, respectively. In 

addition, performance was compared using commission error (CE), omission error 

(OE), and Loss function. The Loss function estimates the level of inconsistency 

between predictions and actual outcomes. The smaller the loss, the better the training 

effect, and the stronger the robustness of the model. 

4. Results 

4.1. Optimal scale selection of OBIC 

The selection of optimal scale has a profound influence on the classification 

results of OBIC. In this study, the Estimation of Scale Parameter (ESP) tool (Drăguţ et 

al., 2014) was used to obtain the optimal segmentation scale. ESP is a bottom-up 

iterative segmentation tool at multiple scales that calculates the Local Variance (LV) 

of the homogeneity of image objects under different segmentation scale parameters. 

At the same time, Rate of Change (ROC) was introduced to amplify the local variance 

mutation and determine the rationality of the segmentation effect. When the local 

change rate peaks, the segmentation scale is ideal. By previewing the segmentation 

impact, the merging threshold is established at 30. using ESP, the candidate 

segmentation scales were set at 30, 40, and 50. To screen out the optimal 

segmentation scale, the extraction results of ground fissures at the candidate scales 

were compared (Figure 4). They showed that the location and shape of ground 

fissures can be accurately identified using the candidate segmentation scales; however, 

ground fissures with weaker spectral features were not identified at segmentation 

scales of 30 and 50, resulting in discontinuity in the extraction results. Setting the 

segmentation scale at 40 avoided discontinuity, and results were most consistent with 
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the ground truth. 

 

FIGURE 4 Ground fissures extraction results using candidate segmentation scales. 

 

The candidate segmentation scales were used to assess the performance of 

ground fissure extraction methods. ENVINet5-OBIC with a segmentation scale of 40 

achieved the best results: an OA of 0.988, KC of 0.826, Recall of 0.952, F1-score of 
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0.832, and MIoU of 0.850. The error analysis showed that this method achieved the 

smallest CE of 0.23 and OE of 0.02. Therefore, the final optimal segmentation scale 

was set at 40. 

 

FIGURE 5 Performance of the ENVINet5-OBIC method with candidate 

segmentation scales in ground fissures extraction. (a) Accuracy assessment. (b) CE 

and OE analyses. 

 

4.2. Ground fissure extraction on verification set 

The VS can be used to verify the reliability and applicability of the proposed 

method (Figure 6). OBIC was successful in extracting the general outline of ground 

fissures when the ground objects are relatively simple (Figure 6). However, results 

were not satisfactory for more complex ground objects. When the width of the 

extracted ground fissures was larger than in the ground truth data, many shadows 

were misclassified as ground fissures, resulting in a distinct jagged pattern. Ground 

fissures are irregular linear objects, which are easily affected by surface vegetation 
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and shadow, resulting in discontinuous phenomena in remote sensing images when 

visually interpreted. In contrast, both ENVINet5 and ENVINet5-OBIC generally 

produced satisfactory ground fissure extraction results with minimal noise and 

outlines that are remarkably aligned with the ground truth data. However, ENVINet5 

produced local discontinuity of linear ground objects blurred by vegetation cover or 

shadow (Figure 6: blue rectangles), even though it aligned with the visually 

interpretation. This error was caused by spectral feature classification based on a 

single pixel. Nevertheless, by leveraging OBIC technique’s attribute assessment 

between neighboring pixels, ENVINet5-OBIC overcomes this shortcoming. Extracted 

ground fissures were accurately outlined and parts of ground fissures that were 

covered by vegetation or shadows were correctly identified. ENVINet5-OBIC results 

demonstrated good continuity and were in accord with the ground truth data. 
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FIGURE 6 Ground fissures extraction results using VS. (a)-(f) Representative partial 

samples of ground fissures: blue rectangles represent the display of local extraction 

effects using OBIC, ENVINet5, and ENVINet5-OBIC methods. 

 

The performance evaluation of the three methods using the VS was 
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quantitatively assessed by confusion matrix and its derived assessment indices (Figure 

7). ENVINet5-OBIC produced higher TN and TP and lower FP and FN, indicating 

that its extraction results had fewer misclassifications and omissions (Figure 7a); TN 

and TP accounted for 98.7% when using ENVINet5-OBIC, which is 3.0% higher than 

using OBIC and 0.1% higher than using ENVINet5; FP and FN accounted for 1.3% 

when using ENVINet5-OBIC, which is 3.0% lower than using OBIC and 0.1% lower 

than using ENVINet5. Moreover, ENVINet5-OBIC reached an OA of 0.988, KC of 

0.826, recall of 0.952, F1-score of 0.832, and MIoU of 0.850, which were 0.031, 

0.281, 0.144, 0.288, and 0.185 higher than for OBIC, and 0.002, 0.051, 0.157, 0.047, 

and 0.034 higher than for ENVINet5 (Figure 7b). All assessment indices 

demonstrated better performance and superiority of ENVINet5-OBIC in ground 

fissure extraction. 

 

FIGURE 7 Performance of different ground fissures extraction approaches using VS. 

(a) Indices proportion of the confusion matrix. (b) Accuracy assessment of OBIC, 

ENVINet5, and ENVINet5-OBIC methods. 
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4.3. Error analysis of models 

To further verify the superiority of the proposed method, CE and OE were 

calculated for both TS and VS, alongside losses for ENVINet5 and ENVINet5-OBIC 

(Figures 8 and 9). Using TS, ENVINet5-OBIC achieved a CE of 0.196 and OE of 

0.062, which is significantly smaller compared to those using OBIC and ENVINet5 

(Figure 8a). Using VS, CE of ENVINet5-OBIC was 0.261, which is 0.036 larger than 

that using ENVINet5. At the same time, OE of ENVINet5-OBIC was 0.048, which is 

0.157 smaller than using ENVINet5 and 0.144 smaller than using OBIC (Figure 8b). 

Furthermore, using TS, ENVINet5-OBIC attained a loss of 0.053 when the Loss 

function stabilized, which is 0.005 smaller than using ENVINet5 (Figure 9a). When 

using VS, the loss of ENVINet5-OBIC settles at a point that is 0.0024 lower and 

reflects stronger robustness compared to using ENVINet5 (Figure 9b). 

ENVINet5-OBIC demonstrated a better performance in extracting ground fissures 

than ENVINet5 and OBIC. 

 

FIGURE 8 CE and OE analyses for three different analysis methods using (a) TS, 

and (b) VS. 
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FIGURE 9 Loss function of deep learning models using (a) TS, and (b) VS. 

 

4.4. Ground fissure extraction in representative field sites 

To further verify the applicability of ENVINet5-OBIC, six representative field 

sites with a high number of ground fissures were selected, and OBIC, ENVINet5, and 

ENVINet5-OBIC were used in extracting ground fissures (Figure 10). Site 1 is 

located on the slope; Site 2 and Site 3 are found in a relatively gentle area with sparse 

vegetation cover and shallow, slender ground fissures; Site 4 sits above the landslide 

mass, where the ground fissures were caused by the displacement of the surface 

deformation before the landslide; Site 5 and Site 6 are positioned on the ridge. 

OBIC generated a significant amount of noise and resulted in many 

misclassifications and omissions. While ENVINet5 resulted in fewer 

misclassifications, omissions occurred, particularly at ground fissures covered by 

vegetation and shadow, resulting in a lack of continuity. In contrast, ENVINet5-OBIC 

demonstrated minimal misclassifications and omissions. The extracted ground 

fissures maintained satisfactory continuity, closely resembling the ground truth. 

ENVINet5-OBIC can effectively suppress noise, and it can not only accurately 

identify and extract the outline of ground fissures, but also identify and extract the 

parts of ground fissures that are covered by vegetation and shadow based on the linear 
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characteristics of the ground fissures. ENVINet5-OBIC is feasible to accurately 

extract ground fissures. 

 

FIGURE 10 Ground fissures extracted results using three different methods in six 

representative field sites. 

 

Receiver operating characteristics (ROC) can be used to assess performance in 
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extracting ground fissure. Previous studies suggested a technique involving multiple 

buffering of extracted linear datasets followed by overlaying with ground truth 

datasets to gauge the accuracy of linear object extraction (Tveite & Langaas, 1999). In 

this study, a total of ten buffer operations were performed using the center distance 

between two adjacent pixels as the step length. The different buffers were used for the 

overlay analysis, and the true positive rate (TPR) and the false positive rate (FPR) 

were repeatedly calculated (Figure 11). For the six sites, TPR using ENVINet5-OBIC 

was 89.6%, 89.6%, 91.3%, 93.3%, 92.3%, and 89.3%, while FPR was 3.2%, 6.2%, 

5.9%, 8.2%, 10.2%, and 8.5%. ENVINet5-OBIC produced a higher TPR and lower 

FPR than ENVINet5 or OBIC. 

 

FIGURE 11 ROC plots for three different methods of ground fissure extraction in six 

representative field sites. 

 

Finally, ENVINet5-OBIC was evaluated by comparing the extracted ground 

fissure areas with the ground truth data (Figure 12). Using all three extraction 
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methods, the coefficient of determination R2 was >0.9 and RMSE was <1, 

documenting a generally strong correlation between the extracted ground fissures 

areas and the ground truth data. However, the correlation was the strongest when 

using ENVINet5-OBIC: R2 was 0.987, which was 0.002 higher for ENVINet5 and 

0.065 higher than for OBIC; RMSE was 0.271 and lower by 0.057 compared to 

ENVINet5 and by 0.523 compared to OBIC. ENVINet5-OBIC achieved the most 

accurate extraction results when compared to the ground truth data. 

 

FIGURE 12 Comparison of extracted ground fissure areas with the ground truth data 

using three different extraction methods: (a) OBIC, (b) ENVINet5, (c) 

ENVINet5-OBIC 

 

4.5. Comparison with other deep learning models 

To further verify the overall good performance of the proposed ENINet5-OBIC 
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method in ground fissure extraction, it was compared to U-Net and PSPNet by 

combining them with OBIC to create U-Net-OBIC and PSPNet-OBIC. Figure 13 

shows the ground fissure extraction results obtained by using different deep learning 

models. The extraction results using U-Net and PSPNet models were not satisfactory 

owing to many misclassifications and omissions, insufficient continuity and 

significant deviation from the ground truth. In contrast, U-Net-OBIC and 

PSPNet-OBIC effectively identified objects with weak feature information, and the 

continuity of the ground fissures improved. However, more misclassifications and 

omissions existed when compared to ENVINet5-OBIC. 

The performance of different deep learning models was quantitatively assessed 

by accuracy assessment and error analysis (Figure 14). The accuracy assessment 

showed an OA of 0.989 for ENVINet5-OBIC, which was higher than that for PSPNet 

(by 0.023), PSPNet-OBIC (by 0.021), U-Net (by 0.002), and U-Net-OBIC (by 0.016). 

The KC of ENVINet5-OBIC reached 0.826, which was 0.216, 0.111, 0.134, and 0.041 

higher than PSPNet, PSPNet-OBIC, U-Net, and U-Net-OBIC, respectively. In 

addition, Recall, F1-score, and MIoU of ENVINet5-OBIC were all higher than those 

of the comparison methods, reaching 0.952, 0.832, and 0.850, respectively. CE of 

ENVINet5-OBIC was 0.228, which was 0.256, 0.194, 0.125, and 0.012 smaller than 

that of PSPNet, PSPNet-OBIC, U-Net, and U-Net-OBIC, respectively. OE of 

ENVINet5-OBIC was 0.02, it is 0.181, 0.158, 0.232, and 0.137 smaller than PSPNet, 

PSPNet-OBIC, U-Net, and U-Net-OBIC, respectively. This performance assessment 

further proved that ENVINet5-OBIC obtained the best results in ground fissure 

extraction. 
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FIGURE 13 Ground fissures extracted results using different deep learning models. 
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FIGURE 14 Performance of different deep learning models in ground fissures 

extraction. (a) Accuracy assessment. (b) CE and OE analyses. 

 

5. Discussion 

Ground fissures, arising from intense coal mining, represent a significant 

geological hazard. Developing precise and automated techniques for ground fissure 

extraction holds paramount importance. High-resolution UAV images can fully 

display the distribution characteristics of ground fissures and effectively extract 

objects information at the centimeter level. In this study, an ENVINet5-OBIC method 

is proposed for extracting ground fissures automatically and accurately, and it was 

compared to OBIC and pixel-based ENVINet5. 

5.1. Interpretation of the extraction methods for ground fissures 

Surfaces in coal mining landscapes are complex, but high-resolution UAV 

images contain abundant information about ground objects. The Matched Filter with 

First-order Derivative of Gaussian (MF-FDOG) algorithm combined with UAV 
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images has been used to extract surface fissures (Stumpf et al., 2013). However, when 

adjusting the range of values between two response images generated by filtering 

operation, MF-FDOG’s sensitivity correction parameters have the disadvantage of 

weak universality, and using parameter empirical values has limitations. While an 

improved MF-FDOG algorithm achieved good results in extracting small fissures 

from loess areas (Jia et al., 2021), it was not feasible for detecting nonlinear 

distribution of fissures. Another approach combined the multiscale Hessian-based 

enhancement filter, single threshold operation, and incomplete path to extract ground 

fissures, but this threshold segmentation method is extremely sensitive to noise, and it 

is not obvious to the segmentation of objects with insignificant gray difference and 

overlapping gray values (Yang et al., 2022). Fu et al. (2023) proposed a ground fissure 

extraction method that combines geometric shape and optical features. A 

morphological method was used to de-noise the binary image, eliminating the object 

and noise of incorrect extraction. While this method of denoising was suitable for 

images with large object size and without many details, the morphology of ground 

fissures in mining areas is complex and diverse, and it is easy to remove small ground 

fissures as noise points, which leads to the reduction in extraction accuracy. 

Machine learning models such as Support Vector Machine (SVM), K Nearest 

Neighbor (KNN), Random Forest (RF), Naive Bayes (NB), and Maximum Likelihood 

(ML) have been used to extract ground fissures in coal mining regions (Zhang et al., 

2020; Li 2021; Yang et al., 2022; Hao et al., 2022). While their extraction speed and 

accuracy are greatly improved compared with traditional methods, these models rely 

largely on manually extracted features (Fan et al., 2018) and in a wide range of 

relatively complex ground object types. They produce many omissions and 

commissions, which cannot meet accuracy requirements. Deep learning models such 
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as DeepLabv3+ (Yuan et al., 2023), FCN (Alipour et al., 2019), and U-Net (Lau et al., 

2020) rely on single-scale feature inputs and have been used to identify fissures in 

coal tunnels and concrete facilities. The Multi-scale Feature Pyramids and Attention 

Network model (MFPA-Net), relies on multi-scale feature information and is 

proposed to achieve more detailed ground fissure extraction in coal mining regions 

(Jiang et al., 2022). However, these deep learning models mainly take the pixels of 

high-resolution images as the basic unit and ignore the spatial relations and semantic 

information between adjacent pixels, which easily results in adjacent pixels of the 

same object being divided into different categories due to spectral differences, or 

adjacent pixels of different objects being divided into the same category due to 

spectral similarities. 

ENVINet5-OBIC performs multi-scale segmentation of imagery and selects 

ground fissure samples based on homogeneous objects. ENVINet5-OBIC not only 

treats homogeneous objects as the basic units by fully integrating attribute 

associations among neighboring pixels, but also has the capacity to elevate low-level 

(spectral) features to high-level (semantic) features (Ammour et al., 2017; Andres et 

al., 2018; Kaur & Singh, 2022). This study has confirmed that ENVINet5-OBIC is 

superior to OBIC and ENVINet5 in extracting ground fissures. ENVINet5-OBIC not 

only achieves higher extraction accuracy, but also identifies parts of ground fissures 

covered by vegetation or shadows, and the extraction results have better continuity. 

The feature description of OBIC is designed based on low-level features, therefore, it 

is difficult to capture high-level semantic features and complex content, resulting in 

low learning efficiency (Lu et al., 2020; Ghorbanzadeh et al., 2022) and many false 

positive samples in the classification (Figures 6). Furthermore, OBIC relies on expert 

knowledge to obtain the best segmentation parameters and, thereby, has poor 



27 
 

generalization performance and robustness (Majd et al., 2019). The main difference 

between ENVINet5 and ENVINet5-OBIC is the label raster used to build models. The 

former selects ground fissure samples based on pixels, which only considers the 

spectral characteristics of a single pixel and ignores the attribute correlation between 

adjacent pixels. At the same time, this approach will also cause redundancy of spatial 

data and resource wastage, resulting in certain omissions and misclassification (Goetz 

et al., 2015). In addition, the comparison of ground fissure extraction results using 

ENVINet5-OBIC with PSPNet and U-Net models further proves the superiority of 

ENVINet5-OBIC. 

5.2. Data quality control and future work 

Ground fissures in coal mining regions show irregular linear distribution at the 

surface and are of relatively small widths ranging from a few centimeters to a few 

meters. To ensure accurate extraction of ground fissures in coal mining areas, a high 

quality of the collected UAV imagery is crucial. Enough GCPs and checkpoints must 

be set up for aerial photography as they help define the boundaries of the site, which 

can effectively improve the accuracy of the image. Surface vegetation has a certain 

impact on object extraction. Although airborne LiDAR drones can penetrate 

vegetation, they have a higher cost and are susceptible to bad weather. At present, 

UAV photogrammetry is still mainly used to generate optical remote sensing images 

(Jia et al., 2021; Yang et al., 2022; Jiang et al., 2022). To ensure a successful 

extraction of all ground fissures, weather conditions must be monitored prior to UAV 

operations to avoid restriction with image quality caused by clouds, fog, and common 

dust in the Loess Plateau region. Furthermore, vegetation enters the wilting period in 

the late autumn season, and a UAV field survey at this time can effectively reduce the 

disturbance from surface vegetation. 
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The proposed ENVINet5-OBIC approach can effectively extract parts of the 

ground fissures that are covered by vegetation or shadows, which enhances the 

continuity of the results. However, ENVINet5-OBIC only extracts the location and 

area information of ground fissures, but it cannot automatically obtain fissure types or 

other information. To address these issues and offer more comprehensive services for 

environmental monitoring in mining areas, further research needs to be conducted. 

6. Conclusion 

In view of inadequate accuracy of pixel-based techniques in extracting ground 

fissures within coal mining regions and the issue of local discontinuity caused by 

vegetation and shadow coverage, this study introduces a novel approach to improve 

extraction results. It uses high-resolution UAV imagery and integrates OBIC with 

deep learning methods to construct our ENVINet5-OBIC method for the extraction of 

ground fissures. OBIC and pixel-based ENVINet5 were used to verify the feasibility 

of the proposed method. ENVINet5-OBIC effectively combines the strengths of both 

OBIC and ENVINet5 methods. By comprehensively learning and analyzing 

homogenous objects within the image, the method achieves a high level of continuity 

in the extracted ground fissures. Clearly, ENVINet5-OBIC demonstrates superior 

performance compared to OBIC and ENVINet5, which is expressed in higher 

accuracy, reduced error, and ground fissure area estimations that closely align with 

ground truth data. This study provides a new method for the automatic and accurate 

extraction of ground fissures in mining region, which is helpful to further improve the 

efficiency of environmental monitoring. 
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