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Abstract: Understanding the distribution of rock glaciers provides key information for investigating and 

recognizing the status and changes of the periglacial environment. Deep learning algorithms and red-green-

blue (RGB) bands from high-resolution satellite images have been extensively employed to map rock glaciers. 

However, the near-infrared (NIR) band offers rich spectral information and sharp edge features that could 

significantly contribute to semantic segmentation tasks, but it is rarely utilized in constructing rock glacier 

identification models due to the limitation of three input bands for classical semantic segmentation networks, 

like DeeplabV3+. In this study, a dual-encoder DeeplabV3+ network (DEDNet) was designed to overcome the 

flaws of classical DeeplabV3+ network (CDNet) when identifying rock glaciers using multispectral remote 

sensing images by extracting spatial and spectral features from RGB and NIR bands, respectively. This 

network, trained with manually labeled rock glacier samples from QiLian Mountains, established a model with 

accuracy, precision, recall, specificity, and mIoU (Mean Intersection over Union) of 0.9131, 0.9130, 0.9270, 

0.9195, and 0.8601, respectively. The well-trained model was applied to identify new rock glaciers in a test 

region, achieving a producer's accuracy of 93.68% and a user's accuracy of 94.18%. Furthermore, the model was 

employed to two study areas in northern Tien Shan (Kazakhstan) and Daxue Shan (Hengduan Shan, China) 

with high accuracy, which proved that the DEDNet offers an innovative solution to more accurately map rock 

glaciers on a larger scale due to its robustness across diverse geographic regions. 

Keywords: rock glacier; dual-encoder DeeplabV3+; multispectral remote sensing images; spatial-

spectral features 

 

1. Introduction 

As a predominant type of cryospheric landform [1], rock glaciers play a significant hydrological 

role because of their high ratio of ice-content, especially in arid and semiarid areas, such as QiLian 

Mountains (QLMs) [2], where water security issues cause for concern, and rock glaciers situated at 

higher elevations may function as freshwater reserves in the future [3]. In addition, the rock glaciers 

may contain paleoclimatic information [4], which is a pivotal factor in semi-quantitatively assessing 

the meteorological environment of the forming period [5] and climate change on a local or regional 

scale [3]. Therefore, the recognition and delineation of rock glaciers are meaningful and helpful for 

evaluating their hydrological contribution [6], studying environment change and rock glacier 

dynamics [7]. 
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In addition to field measurements [8], the combination of remote sensing images and geographic 

information system technologies with manual interpretation was used for accurately identifying rock 

glaciers [9], but these methods are time-consuming [10]. In recent years, studies have attempted to 

implement self-designed convolutional neural networks [11] along with object-based image analysis 

[12] to identify rock glaciers in different regions using synthetic aperture radar coherence, 

multispectral images and digital elevation model, which offered valuable methods to map rock 

glaciers automatically. Moreover, researchers have trained some mature deep learning networks [10], 

especially the robust classical DeeplabV3+ network (CDNet) [13], using the RGB bands from high-

resolution satellite images as training imagery [14,15], and multi-source rock glacier inventories as 

training labels [16].  

However, the rich spectral information and sharp edge features in near-infrared (NIR) band [17] 

are helpful for rock glacier recognition because the front and lateral margins with relatively high 

reflectance could serve as mandatory and general geomorphological criteria for identifying rock 

glaciers [18,19]. Despite this, NIR band has rarely been utilized in constructing semantic segmentation 

models for rock glaciers based on CDNet, primarily because CDNet can only accept for inputting 

three image bands and is limited to processing multispectral images [15]. Therefore, most of the 

CDNet-based models designed for rock glacier recognition could only use the three-bands natural 

color image as input datasets [13–15]. The pre-trained model could be fine-tuned to obtain a localized 

model [20]. Thus, designing a network that simultaneously extracts and fuses spatial and spectral 

features from three visible bands (red-green-blue, RGB) and the NIR band is helpful for improving 

image segmentation [21]. 

In semantic segmentation tasks, powerful backbones are typically employed to extract features 

[21]. The High-Resolution Net Version 2 (HRNetV2), as a robust backbone [22], has been extended to 

remote sensing image segmentation tasks [23]. HRNetV2 exhibits strong capability that maintains 

high-resolution representations through the whole process for extracting and fusing features [24], 

which is based on the mechanism of parallel multi-resolution convolutions combined with repeated 

multi-resolution fusions [22]. This capability of HRNetV2 effectively extracts the spatial information, 

boundary details, and global relationships in images, which are highly beneficial for image 

segmentation [25]. 

Therefore, a dual-encoder DeeplabV3+ network (DEDNet) with backbone of HRNetV2-W48 

(also called HRNetV2 for simplicity) was designed to optimize the CDNet for processing 

multispectral remote sensing images and to identify rock glaciers based on GaoFen1/6 (GF1/6) 

satellite images. 

2. Study Area and Materials 

2.1. Study Area 

The study area is located at the northeast of the QLMs in the northeastern edge of the Tibetan 

Platea (Error! Reference source not found. a), covering the Qilian county and Menyuan county in 

Qinghai province, ranging from 99°24′37″ to 102°33′27″E and 36°49′25″ to 38°41′8″N (Error! 

Reference source not found. b). The primary manifestation of the study area is the multiple parallel 

mountains, where the developed periglacial landforms continuously supply fresh water to the Heihe 

and Shiyang Rivers, nourishing the Hexi Corridor and surrounding areas [26]. The QLMs are 

characterized by extensive distribution of active, transitional, and relict type rock glaciers, 

particularly concentrated in the northeastern region [27]. To develop a model capable of identifying 

these diverse types of rock glaciers, it is imperative to compile a dataset that includes samples 

representing all three categories. Therefore, four sub-areas, referred to as visually interpretation areas 

(VIAs), were selected for manual interpretation of the rock glaciers (Error! Reference source not 

found. c). Sub-areas A and C exhibit a prevalence of active and transitional rock glaciers, whereas 

transitional and relict rock glaciers dominate in sub-areas B and D. These areas served as the 

foundation for constructing a dataset for training the DEDNet. Additionally, another separate sub-

region, known as the model test area (MTA), was selected to assess the model's robustness. The 
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mountain ridges within the MTA are covered by glaciers and snow, creating favorable conditions for 

rock glacier development. 

 

Figure 1. (a) Location of QLMs (b) The location of the study area in QLMs. (c) Location of VIAs 

(visually interpretation areas), MTA (model test area), field investigation, model training, model 

validation, and model test rock glaciers in the study area. 

2.2. Imagery 

Seventeen scenes of GF1/6 satellite images (http://www.sasclouds.com/chinese/home) were 

used in this study (Error! Reference source not found.). The GF1/6 images include four multispectral 

bands (RGB and NIR) with an 8m spatial resolution and a panchromatic band with a 2m spatial 

resolution. Radiometric calibration, and atmospheric correction using QUAC were employed for 

GF1/6 images. Subsequently, image fusion based on Gram-Schmidt pan-sharpening were used to 

preprocess the GF1/6, through Envi5.6 software, to produce four pansharpened multispectral bands 

with 2m pixels. After that, geographic registration based on Google Earth images was conducted 

using the ArcGIS 10.8 platform. Due to the significance of vegetation indices in rock glacier 

recognition [12], the SAVI (Soil Adjusted Vegetation Index) [28], and EVI (Enhanced Vegetation Index) 

[29] were computed using the NIR, R, and B bands of GF1/6 data. Subsequently, RGB bands were 

extracted to produce true color images. The NIR band, EVI, and SAVI were then combined into new 

three-band images, referred to as spectral images, through layer stacking. 
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Table 1. List of GF1/6 satellite images. 

Date Sensor Sensor ID Resolution 

26.08.2015 GF1 GF1_PMS1_E101.4_N37.5_20150826_L1A0000999810 

2/8m 

26.08.2015 GF1 GF1_PMS2_E101.8_N37.4_20150826_L1A0000999891 

26.08.2015 GF1 GF1_PMS2_E101.8_N37.7_20150826_L1A0000999890 

26.08.2015 GF1 GF1_PMS1_E101.5_N37.8_20150826_L1A0000999809 

28.08.2020 GF1 GF1_PMS2_E100.4_N38.2_20200828_L1A0005019914 

28.08.2020 GF1 GF1_PMS1_E100.0_N38.3_20200828_L1A0005019873 

26.07.2020 GF1 GF1_PMS2_E101.4_N37.7_20200726_L1A0004951368 

28.08.2020 GF1 GF1_PMS1_E99.9_N38.0_20200828_L1A0005019874 

28.08.2020 GF1 GF1_PMS2_E100.3_N38.0_20200828_L1A0005019915 

26.07.2020 GF1 GF1_PMS2_E101.4_N37.4_20200726_L1A0004951369 

29.07.2020 GF1 GF1_PMS1_E101.0_N37.5_20200726_L1A0004951209 

07.09.2021 GF6 GF6_PMS_E100.9_N37.3_20210907_L1A1120139417 

26.08.2020 GF6 GF6_PMS_E100.0_N38.7_20200826_L1A1120029769 

03.05.2020 GF6 GF6_PMS_E101.0_N38.0_20200503_L1A1119993834 

01.06.2021 GF6 GF6_PMS_E99.3_N38.0_20210601_L1A1120110250 

01.08.2021 GF6 GF6_PMS_E101.5_N37.3_20210801_L1A1120127842 

26.08.2020 GF6 GF6_PMS_E99.8_N38.0_20200826_L1A1120030072 

3. Methodology 

The methodology consists of five crucial steps. First, the rock glaciers in the VIAs and MTA were 

manually delineated (RG_man) based on the baseline concepts proposed by the International 

Permafrost Association Action Group [19], and field-investigated geomorphologic features, 

including developed scale and vegetation coverage, etc. Second, a DEDNet was designed to 

independently extract spatial and spectral features from true color images and spectral images, and 

then fuse these features. Third, the labeled images were used to train the DEDNet to obtain a model 

to identify rock glaciers. Fourth, a workflow was proposed to map and post-process rock glaciers 

with the well-trained model (RG_mm) based on the true color images and spectral images in VIAs 

and MTA. Fifth, the area of each RG_mm was calculated and compared to that of RG_man to assess 

the model's accuracy in the VIAs and its robustness in the MTA. 

3.1. Delineating Rock Glaciers with GF1/6 Images and Google Earth 

In order to ascertain the geomorphological features of rock glaciers in QLMs, a field 

investigation was conducted from August 1st to August 15th, 2023 (Error! Reference source not 

found. a1-d1). The main body of rock glaciers is identifiable based on the field-investigated features 

such as ridges-furrows and heterogeneous vegetation distribution in natural color images, but 

accurately delineating the boundary is challenging (Error! Reference source not found. a2-d2). With 

the help of a 3D oblique view on Google Earth (https://earth.google.com), the delineation of 

boundaries became more accessible since the elevation difference between the edge of rock glaciers 

and the valley is obvious (Error! Reference source not found. a3-d3). Utilizing the ArcGIS 10.8 

platform for assistance, the rock glaciers were meticulously outlined and checked, resulting in 608 

polygons in VIAs and 190 polygons in MTA, respectively. The polygons covered mainly by snow 

and clouds in the natural color images were discarded due to their serious hindering effect for the 

recognition of rock glaciers [11,13,14]. As a result, 542 snow-free and cloud-free polygons in VIAs 

and 190 in MTA were ultimately retained. 
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Figure 2. The characteristics of four rock glaciers: (a1-d1) field photos, (a2-d2) GF1/6 images, and (a3-

d3) Google Earth 3D oblique view. The red lines represent the boundary of rock glaciers. 

3.2. Designing the DEDNet 

The DEDNet, based on the CDNet, inherits the classical encoder-decoder structure, where the 

two encoder modules extract low-level and high-level features by utilizing HRNetV2 and multi-scale 

atrous convolution, and the decoder module refines segmentation results by fusing these features 

(Error! Reference source not found.). Considering the training efficiency, each encoder designed to 

process images with three channels, then the pre-trained HRNetV2 could be used through transfer 

learning. The first encoder processes true color images to extract spatial features like texture, shape, 

and spatial relationships, while the second encoder handles spectral images to extract spectral 

features. Two blocks were designed and incorporated into the decoder module to fuse spatial and 

spectral features. Block 1 was utilized to fuse low-level features, such as local texture, shape, and edge 

[30], while block 2 was utilized to fuse high-level contextual information in semantic features [31]. In 

Block 1, low-level feature 1 extracted from true color images and low-level feature 2 extracted from 

spectral images (both with a shape of 256×88×88, where 256 represents the channels, and 88 represents 

the height and width) were initially concatenated to form a new feature map (with a shape of 

512×88×88). The channels of the new feature map are twice that of each low-level feature. Then, 

dimensionality reduction was performed on the new feature map using 1×1 convolutional operations 

to match the dimensions of each low-level feature. Inspired by the residual network [32], a shortcut 

connection was embedded into block 1 to add low-level feature 1 to the new feature map. This 

addition maximally preserves the low-level information crucial for distinguishing inter-class 

difference [33], as these features are primarily obtained from the true color images [34]. Apart from 

the shortcut connection operation, Block 2 mirrors the structure of Block 1. Since high-level semantic 

information contributes to semantic image segmentation [35], only concatenation and dimensionality 

reduction operations were carried out in block 2. 
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Figure 3. The DEDNet with the backbone of HRNetV2 and the block 1and block 2 we designed. 

3.3. Training and Validating the DEDNet 

3.3.1. Preparing the Training and Validation Dataset 

The true color images and spectral images were used to create a dataset for training the DEDNet. 

In this dataset, 542 snow-free and cloud-free RG_man polygons in the VIAs were employed to 

generate positive samples and their corresponding labels, while 1353 landforms with textures similar 

to rock glaciers were selected from areas near the rock glaciers to generate negative samples and their 

labels. To generate positive samples, we initially created 2km × 2km rectangles by buffering the 

centroid of each rock glacier polygon with a distance of 1km. Then, the true color images and spectral 

images were clipped using these rectangles. For negative sample creation, we generated 1353 

rectangles of 2km × 2km, covering the 1353 landforms, and subsequently clipped the true color 

images and spectral images. After that, each layer of both positive and negative samples was 

normalized by the maximum and minimum values for relevant layer of all the samples. Finally, as 

the samples with a spatial resolution of 2m exceed the memory limit of the GPU we used when 
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training the DEDNet, they were resampled to a 4m pixel size to accommodate computer performance. 

The positive labels were generated by creating binary raster images for each positive sample, with 

pixel values assigned based on the presence of rock glaciers. Pixels within the rock glacier polygons 

were assigned 1, representing the presence of rock glaciers, while pixels outside the polygons were 

assigned 0, representing the background. Similarly, the negative labels were generated by creating 

raster images with a single pixel value of 0 for each negative sample. To avoid data leakage, we picked 

the positive samples and labels that consist of either a single or 2 to 3 rock glaciers that were not 

contained in the other positive samples as the validation set. The remaining positive samples and 

labels were selected as the training set. Following an 8:2 ratio, the 542 positive samples were divided 

into 433 for training and 109 for validation, while the 1353 negative samples were split into 1082 for 

training and 271 for validation. 

3.3.2. Training and Validating the DEDNet 

The DEDNet was trained and validated with some universal hyper-parameters, including: 

optimizer - Adaptive Moment Estimation, initial learning rate - 3×10-5, learning rate scheduler - 

Cosine, base size - 500×500 pixels, crop size - 352×352 pixels, batch size - 4, etc. The Dice Loss function 

was selected to address data imbalance issues (Zhao et al., 2020), given that rock glaciers occupy a 

small portion in permafrost landforms (Hu et al., 2022). The pre-trained HRNetV2, downloaded from 

the PyTorch official website, was used for transfer learning to train the DEDNet. The DEDNet was 

trained on an NVIDIA GeForce RTX 4080 GPU. 

3.3.3. Evaluating Metrics 

Accuracy, precision, recall, specificity, and mIoU (mean intersection over union) were employed 

to comprehensively assess model performance. Among them, accuracy is the percentage of true rock 

glaciers and background in all pixels. Precision is the percentage of true rock glaciers in all detected 

rock glaciers. Recall is the percentage of the true rock glaciers in all manually-labelled rock glaciers. 

Specificity is the percentage of true background in all manually-labelled background. The mIoU, 

providing an overall assessment of segmentation accuracy, is the average of the intersection over 

union scores for rock glaciers and background. 

3.4. Testing the Well-Trained Model 

3.4.1. Preparing the Test Dataset 

Testing the model robustness using the 190 RG_man polygons in MTA is insufficient to assess 

the overall performance of the model, such as its propensity to mistakenly identify surrounding 

landforms with textures similar to rock glaciers. Instead, GF1/6 images covering the MTA should be 

fed into the model to identify rock glaciers. Therefore, a fishing net covering MTA with each rectangle 

size of 1km×1km was produced and then used to create the test dataset, following the steps of 

generating positive samples. In the test dataset, any two adjacent samples overlapped with an area 

of half size of each sample, which allowed the well-trained model to identify the same rock glacier 

from different perspectives. 

3.4.2. Mapping and Post-Processing Rock Glaciers 

Several post-processing steps (Error! Reference source not found.) were implemented to 

improve the quality of recognition results. (1) The lowest area threshold, the smallest area among all 

manually interpreted rock glacier polygons, was set to remove polygons smaller than 0.022 km2. (2) 

The holes enclosed in the RG_mm polygons were filled for continuity. (3) The RG_mm polygons were 

extracted from all test samples and were converted into vectors. (4) The single polygon that didn't 

intersect with other one was discarded, which might be misidentified due to a certain degree of 

randomness during the recognition process. (5) The union boundary of multiple intersection polygon 

vectors was calculated. (6) All polygons located within the permafrost range [36] were retained since 

rock glaciers mainly distributed in the permafrost zone [9]. 
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Figure 4. The flowchart of mapping rock glaciers in MTA. 

3.4.3. Testing Method and Metrics 

The model evaluation metrics selected during the training and validating the DEDNet can assess 

the overall performance of the model, posing challenges for evaluating the recognition accuracy of 

individual rock glaciers. Therefore, following the evaluation method in [12], we employ the user's 

accuracy (the percentage of the model classification that is actually a rock glacier) and the producer's 

accuracy (the percentage of total rock glaciers that were classified by the model) to evaluate the model 

performance. In addition, to further explore the identification accuracy of individual rock glacier, we 

also extracted each polygon's area from the RG_mm and then compared that from RG_man to 

compute the area deviation. However, during mapping the new rock glaciers, the calculation of the 

union boundary of multiple intersection vectors may result in multiple adjacent rock glaciers being 

represented as a single one. Thus, the area-extracting method was designed with three scenarios: the 

first scenarios is a single RG_man polygon surrounded by a single RG_mm polygon or vice versa, 

where the polygon area of RG_man corresponds to that of RG_mm. We calculating the area of each 

rock glacier individually (A in Error! Reference source not found.). The second scenario, several 

RG_man polygons are surrounded by a single RG_mm, where the combined area of these RG_man 

polygons correspond to the area of the single RG_mm. We calculated the combined area of several 

RG_man polygons and the area of the single RG_mm polygon (B in Error! Reference source not 

found.). The last scenario is the opposite of the second scenario, where we calculated the combined 

area of several RG_mm polygons and the area of the single RG_man polygon (C in Error! Reference 

source not found.). After that, we compute the area deviation by taking the absolute value of the 

difference in polygon area between RG_man and RG_mm. The polygon area of RG_man and RG_mm 

was plotted in scatter plots, and the area deviations were used to create box plots, facilitating the 

analysis of recognition accuracy for individual rock glaciers. 
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Figure 5. Three area-extracting methods, where the area of A corresponds to that of a, the area of B 

corresponds to the combinate area of b1, b2, b3, b4, b5, and b6, the area of C corresponds to the combinate 

area of c1, c2, and c3. 

4. Results 

After 100 epochs of training and validating, the model converged with the loss value on the 

validation set floating around 0.20, and we obtained the best model with an accuracy, precision, 

recall, specificity, and mIoU of 0.9131, 0.9130, 0.9270, 0.9195, and 0.8601, respectively, on validation 

set. Subsequently, flowing the steps in the flowchart (Error! Reference source not found.), the model 

was employed to map rock glaciers in VIAs and MTA, respectively. 

4.1. Mapping Rock Glaciers in VIAs 

Compared to the 542 RG_man polygons, the model identified 536 of them, and only 6 rock 

glaciers with an area less than 0.11 km2 were not recognized. Additionally, the model erroneously 

identified 17 non-rock glaciers as rock glaciers due to their textural similarity. The total area of 542 

RG_man polygons is 155.07 km2, while the model delineated an area of 174.27 km2, indicating an 

overestimation of 12.38%. This is mainly because multiple adjacent rock glaciers may be represented 

as a single one [15], causing the inclusion of non-rock glacier areas between them. 

We selected several representative polygons of RG_man and their corresponding RG_mm from 

four sub-areas to illustrate the strengths and weaknesses of the model (Error! Reference source not 

found.). Overall, the RG_mm polygons on validation dataset are visually accurate, and the 

boundaries of RG_mm are natural and basically consistent with RG_man, especially in sub-area A, 

B, and C (Error! Reference source not found. c-e), where the rock glaciers are active or transitional 

and exhibit readily identifiable morphological features. However, in sub-region D, the rock glaciers 

are mainly relict, featuring indistinct morphological features, and vegetation coverage similarity to 

surrounding landforms, resulting in insufficient consistency between the boundaries of few RG_mm 

and RG_man (Error! Reference source not found. f). This is consistent with previous studies that 

rock glaciers with apparent ridges and furrows that could be correctly identified (Marcer, 2020), but 

smaller rock glaciers with subdued topography and/or evenly distributed vegetation cover were 

more likely to be missed (Hu et al., 2022). 
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Figure 6. Comparison of boundaries between RG_mm and RG_man in VIAs (a and b). The panels (c-

f) correspond to the yellow box in sub-area A, B, C, and D. The background image is a true color 

image composed of a combination of RGB bands of GF1/6. 

To assess the identification accuracy of each individual rock glacier, the areas of each RG_mm 

polygon and their corresponding RG_man polygon were extracted following the method illustrated 

in "3.4.3 Testing method and metrics". Nearly all points in sub-areas A, B, C, and D fell near the 1:1 

regression line, representing a high accuracy level in identifying each rock glacier on training and 

validation dataset (Error! Reference source not found. a). The range (whiskers) and interquartile 

range (box length) of the boxplots showed a gradually decreasing trend as the scale of rock glaciers 

increased, indicating an improvement in the model's recognition accuracy with the increasing size of 

rock glaciers (Error! Reference source not found. b). 
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Figure 7. Scatterplots illustrating the areas of RG_mm polygons compared to RG_man polygons on 

the training and validation datasets (a), and boxplots displaying the deviations in area across various 

scales on the training and validation datasets (b). In boxplots, "small" denotes areas less than 0.10 km², 

"medium_s" refers to areas between 0.10 and 0.50 km², "medium_l" signifies areas between 0.50 and 

1.00 km², and "large" indicates areas larger than 1.00 km². 

4.2. Mapping Rock Glaciers in MTA 

Using the confusion matrix and metrics values (Error! Reference source not found.), we 

evaluated the model on test dataset. The result shows that the model identified 178 out of 190 

RG_man polygons with a Produce’ Accuracy of 93.68%. There are 12 RG_man polygons that the 

model failed to recognize with the smallest area slightly larger than 0.03 km2. Additionally, the model 

incorrectly identified 11 non-rock glacier landforms as rock glaciers, resulting in User’ Accuracy of 

94.18%. Among these 11 misclassified rock glaciers, 10 have areas smaller than 0.10 km2. Compared 

to larger rock glaciers, the model is more likely to misclassify rock glaciers with areas smaller than 

0.10 km2. 

Table 2. Confusion matrix of the model on test dataset and accuracy metrics. 

Metrics Note Result 

True Positive (TP) Number of correct RG_mm 178 

False Positive (FP) Number of wrong RG_mm 11 

False Negative (FN) Number of missed RG_man 12 

Producer's accuracy TP/(TP+FN) 0.9368 

User's accuracy TP/(TP+FP) 0.9418 

When analyzing these 178 RG_mm polygons on the GF1/6 imagery (Error! Reference source not 

found. a), we observed a generally high consistency between the boundaries of RG_mm and RG_man, 

with superior performance on larger rock glaciers compared to smaller ones (Error! Reference source 

not found. b and c). The polygons were filled by multiple overlapping heatmaps with pixel values 

close to 1 (Error! Reference source not found. d and e), signifying the excellent dependability of 

RG_mm. 
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Figure 8. Comparison of RG_man’ boundaries with RG_mm’ boundaries in MTA (a), along with two 

typical sub-regions (b and c), and their corresponding probability heatmap (d and e) on GF1/6 

imagery. NRG_mm represent non-rock glacier model mapped. Background image is a true color 

image composed of a combination of RGB bands of GF1/6. 

Compared to the total area of 70.14 km2 of the 178 RG_man polygons, the model delineated 181 

polygons with total area of 67.38 km2, indicating a slight underestimation of 3.94%. The vast majority 

of data points closely aligned with the 1:1 regression line, indicating a high degree of accuracy in 

identifying individual rock glaciers within the test area (Error! Reference source not found. a). As 

the size of rock glaciers increased, the range (whiskers) and interquartile range (box length) of the 

boxplots consistently decreased, suggesting an enhancement in the model's recognition accuracy 

with larger rock glaciers (Error! Reference source not found. b). Estimations of individual rock 

glacier areas exhibit significant variation. Larger rock glaciers were generally identified and 

delineated with high accuracies, with an average overestimation of 1.81% for glacier areas larger than 

1.00 km², and an average underestimation of 2.51% for glacier areas between 0.50 km² and 1.00 km². 
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Conversely, smaller rock glaciers exhibit lower identification accuracies, with an average 

underestimation of 13.57% for glacier areas between 0.1 km² and 0.5 km², and an average 

underestimation of 20.73% for glacier areas smaller than 0.10 km². 

 

Figure 9. Scatterplots illustrating the areas of RG_mm compared to RG_man on the test datasets (a), 

and boxplots displaying the deviations in area across various scales on the test datasets (b). "small", 

"medium_s", "medium_l", and "large" correspond to the same meanings as the terms used in Figure 

7. 

5. Discussion 

5.1. Ablation Experiment 

When designing DEDNet based on the CDNet, we proposed various networks, each of which 

was trained on positive samples (or including negative samples) with the same hyperparameters and 

evaluated using mIoU, as shown in Error! Reference source not found.. The CDNet trained on the 

NIR-EVI-SAVI dataset achieved a comparable mIoU value to that trained on the RGB dataset. The 

model obtained by exclusively using Block2 for feature fusion in the DEDNet achieved a higher mIoU 

value compared to the model obtained by exclusively using Block1, indicating that high-level 

semantic features are more beneficial for rock glacier identification than low-level features. Of course, 

simultaneously applying both block1 and block2 to the DEDNet results in a superior rock glacier 

identification model, with an mIoU of 0.8519. 

Table 3. The mIoU of different network trained with different dataset. 

Network RGB 
NIR-EVI-

SAVI 
Block1 Block2 

Negative 

Sample 
mIoU 

CDNet √     0.8469 

CDNet  √    0.8464 

DEDNet √ √ √   0.8348 

DEDNet √ √  √  0.8509 

DEDNet √ √ √ √  0.8519 

CDNet √    √ 0.8457 

DEDNet √ √ √ √ √ 0.8601 

When training the CDNet and DEDNet including negative samples, the mIoU based on CDNet 

decreased from 0.8469 to 0.8457, while for the DEDNet, it increased from 0.8519 to 0.8601. The four 

models—training CDNet on positive samples (CDNet_Positive), training DEDNet on positive 

samples (DEDNet_Positive), training CDNet on positive and negative samples 
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(CDNet_Positive_Negative), and training DEDNet on positive and negative samples 

(DEDNet_Positive_Negative)— were utilized to map new rock glaciers in test area (Error! Reference 

source not found.). The CDNet_Positive and DEDNet_Positive models classified some non-rock 

glacier landforms as rock glaciers, whereas the CDNet_Positive_Negative and 

DEDNet_Positive_Negative models significantly reduced this error, highlighting the importance of 

including negative samples during training [11,13]. Comparing the recognition results of models 

between CDNet_Positive_Negative and DEDNet_Positive_Negative, we observed that both models 

were able to identify larger rock glaciers (active or transitional), and they both exhibited instances 

where adjacent rock glaciers were delineated as a single union rock glacier (black arrows in a1 and 

a3 in Error! Reference source not found.), which has also been reported in other rock glacier 

identification models [15]. However, for delineating rock glacier boundaries, especially the smaller 

and relict rock glaciers, the recognition performance of DEDNet_Positive_Negative was noticeably 

better (white arrows in sub-regions a1, a3, b1, b3 and c1, c3 in Error! Reference source not found.). 
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Figure 10. Boundaries of RG_man and four models outlined in three sub-regions in MTA. The four 

RG_models represent the rock glaciers delineated by corresponding models. For example, 

RG_CDNet_Positive represent rock glaciers delineated by CDNet_Positive. 

The extraction and fusion of spatial and spectral features by DEDNet enhance the accuracy of 

rock glacier recognition mainly because: (1) For active rock glaciers, the distinct spatial features such 

as furrows-ridges and steep frontal and lateral margins contribute to the identification of rock glaciers. 

However, when combining the spatial features with spectral ones, the textural similarity landforms, 

such as debris-covered glaciers could be excluded readily because the exposed ice in debris-covered 

glaciers could be distinguished by the lower reflectance in NIR band. In addition, the identification 

accuracy of the rock glacier boundaries improved because the steep margins exhibit lighter slopes or 

darker shadows related to the sun position, making them easier to distinguish from the neighboring 

landforms due to their higher or lower spectral reflectance. (2) For transitional/relict rock glaciers, 

vegetation has developed along the longitudinal and transverse flow structures, as well as the frontal 

and lateral margins, forming distinctive and identifiable spatial features and heterogeneous 

vegetation spectral characteristics. This enables the differentiation of transitional/relict rock glaciers 

from upstream non-vegetated landforms and downstream homogeneous vegetation landforms. 

5.2. Model Performance Comparison 

We experimentally compare DEDNet with CDNet, modified CDNet and the mature MSNet [21], 

using the training and validation datasets, which include both positive and negative samples. The 

CDNet is presently considered the most advanced and widely adopted method in rock glacier 

recognition [13–16]. There are two commonly used methods to modify CDNet for processing multi-

spectral data: increasing the number of channels in CDNet input layer (MI_CDNet) to match the 

input data [37], and adding a convolution layer at the beginning of CDNet (AC_CDNet) to transform 

multispectral images to 3-D features [38]. By the way, The MI_CDNet was trained without the pre-

trained HRNetV2 because of the structural mismatch between MI_CDNet and the pre-trained 

HRNetV2. The significant advantages of MSNet over RTFNet [39], MUFNet [40], and MFNet [41] in 

processing 4-band images have been verified [21], and the comparison between MSNet and DEDNet 

can reflect the superiority of DEDNet to fuse spatial and spectral features in the semantic 

segmentation field. In addition, several powerful backbones, such as ResNet50, ResNet101, Deep 

Residual Network (DRN), Xception, and Vision Transformer (VIT) was employed to replace the 

HRNetV2 for training the DEDNet with same hyperparameters, with the results presented in Error! 

Reference source not found.. 

By training the DEDNet (with backbone of HRNetV2), we obtained the best-performing model, 

which outperformed CDNet-based model and other comparative models in all evaluation metrics. 

The models trained with the MI_CDNet and AC_CDNet network achieved low accuracy, with mIoU 

values of 0.6944 and 0.7112 respectively, representing a 15 percent point decrease compared to the 

mIoU obtained with the DEDNet model, indicating the challenges of using CDNet for rock glacier 

identification on multispectral images. Comparing the models trained with MSNet and DEDNet 

(both using ResNet50 as the backbone) network, we found that the latter achieved an mIoU of 0.8455, 

slightly higher than the former's 0.8413. This suggests that in rock glacier identification field, the 

simple yet effective DEDNet is advantageous. Compared to other backbones, HRNetV2's advantages 

are more pronounced, possibly because HRNetV2 maintains high-resolution representations through 

the whole process, aiding in distinguishing rock glaciers with spectral similarities from surrounding 

landforms. 

Table 4. The evaluation metrics of different networks on validation datasets. 

Network Backbone Pretrained Accuracy mIOU Precision Recall Specificity 

DEDNet HRNet V2 True *0.9131 *0.8601 *0.9130 *0.927 *0.9195 

CDNet HRNet V2 True 0.9047 0.8457 0.9045 0.9155 0.9095 
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MI_CDNet HRNet V2 False 0.7874 0.6944 0.7875 0.7900 0.7885 

AC_CDNet HRNet V2 True 0.8073 0.7112 0.8075 0.8020 0.8045 

MSNet ResNet 50 True 0.9022 0.8413 0.9025 0.9125 0.9070 

DEDNet ResNet 50 True 0.9056 0.8455 0.9055 0.9145 0.9095 

DEDNet ResNet 101 True 0.9073 0.8490 0.9070 0.9175 0.9112 

DEDNet DRN True 0.9062 0.8490 0.9060 0.9190 0.9120 

DEDNet Xception True 0.7563 0.6061 0.7560 0.6660 0.6990 

DEDNet VIT True 0.8393 0.6405 0.8390 0.690 0.7395 

5.3. Generalizability 

The well-trained DEDNet model was also applied to two areas with rock glacier inventories 

published, the northern Tien Shan (Kazakhstan) and Daxue Shan (approximately 1500km in the south 

of the QLMs), to test the generalizability of the model. The northern Tien Shan, located 2500km in the 

northwest of QLMs (Error! Reference source not found.a), has a rock glacier inventory including 

only active rock glaciers produced using InSAR kinematics [42]. A region ranging from 76°58′E to 77°

13′E and 42°59′N to 43°10′N, with 54 rock glaciers according to the inventory, was selected for the 

generalizability research. 50 out of the 54 rock glaciers (Error! Reference source not found.b) were 

identified by the well-trained DEDNet model, with a total area of 42.63 km2, demonstrating an 

overestimation compared to the 32.33 km2 estimated by the InSAR kinematics, which only extracts 

the active ‘unit’ of the rock glacier ‘system’. 

The Daxue Shan [43] is located to the south of the QLMs (Error! Reference source not found.d), 

in the southeastern edge of the Tibetan Plateau’s Hengduan Shan. A rock glacier inventory based on 

the analysis of Google Earth imagery has been released there. The region, ranging from 101°34′E to 

101°40′E and 30°24′N to 30°32′, contains 38 rock glaciers with different scale. The DEDNet model 

identified 35 out of the 38 rock glaciers (Error! Reference source not found.e), with a total area of 8.58 

km2, demonstrating 4.57% underestimation compared to the 8.99 km2 of the 38 rock glaciers. Rock 

glaciers with distinct/vague and identifiable frontal slope and furrows-ridges, not in the inventories, 

also delineated by the DEDNet model (Error! Reference source not found.c and f). Overall, our 

DEDNet-based model exhibits strong robustness and demonstrates great potential for applicability 

across diverse geographic regions. 
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Figure 11. Locations of northern Tien Shan (Kazakhstan) (a) and Daxue Shan (d). Boundaries of 

RG_man and RG_inventory in northern Tien Shan (b) and Daxue Shan (e). Rock glaciers model 

mapped but not included in the inventory of northern Tien Shan (c) and Daxue Shan (f). 

5.4. Contribution and Limitation 

When delineating rock glaciers on a large scale, DEDNet may have two foreseeable potential 

contributions. Firstly, The DEDNet has showed its robustness when applying the DEDNet-based 

model to Daxue Shan and Tien Shan, demonstrating the potential capability to map rock glaciers 

across diverse geographic regions. Therefore, DEDNet can be employed in some alpine regions 

where inventories remain incomplete to identify and delineate rock glaciers. Secondly, the model 

trained DEDNet on RGB and NIR-EVI-SAVI datasets outperform those trained solely on RGB or NIR-

EVI-SAVI datasets using CDNet, even when supplemented with InSAR images [13], in identifying 

relict rock glaciers (Error! Reference source not found.). Exploring the distribution of relict rock 

glaciers contributes to a comprehensive understanding of the mountainous periglacial environment 

because of the cruciality for reconstructing ancient climates [18] and the significance for 

Hydrogeology research [44]. 

DEDNet shows promise but still has two limitations. Firstly, the pre-trained HRNetV2 is suitable 

for processing RGB dataset but not optimized for NIR-EVI-SAVI dataset [21], which affects the 

extraction of spectral information. This may well explain the phenomenon: compared to the model 

trained CDNet on 542 positive samples with mIoU of 0.8469, the model trained DEDNet on the same 
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dataset only achieved a slight increase to 0.8519, an improvement of just 0.005%. While, with the 

addition of 1353 negative samples, the mIoU increased from 0.8457 to 0.8601, showing a significant 

improvement of 0.0144%. This is because more training samples result in better fine-tuning of the 

pre-trained model parameters. Secondly, the number of parameters of the DEDNet is approximately 

twice that of the CDNet. When training a rock glacier (or other landform) identification model using 

DEDNet, more computational resources are required. This is the reason why we resampled GF1/6 

with a spatial resolution of 2m to 4m during the dataset preparation stage. 

6. Conclusions 

In this study, we designed a DEDNet with two encoders to simultaneously extracts and fuses 

spatial and spectral features from RGB dataset and NIR-EVI-SAVI dataset, respectively. We trained 

the DEDNet with positive and negative samples including active, transitional, and relict type rock 

glacier from VIAs in QLMs and obtained a model with accuracy, precision, recall, specificity, and 

mIoU of 0.9131, 0.9130, 0.9270, 0.9195, and 0.8601, respectively. Then, we tested the model's 

robustness in MTA and successfully identified 178 out of 190 RG_man, missing 12 small rock glaciers, 

and misidentifying 11 other landforms with textural similarity as rock glaciers. Ultimately, we 

achieved a producer's accuracy of 93.68% and a user's accuracy of 94.18%. Furthermore, Our DEDNet 

demonstrates its robustness to map rock glaciers with greater accuracy across diverse geographic 

regions. 
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