
AI-ASSISTED ANALYSIS OF LARGE WOODY DEBRIS DISTRIBUTION IN 
RIVER CHANNELSE05

ABSTRACT
In recent years, frequent extreme weather events globally have led to large wooden debris (LWD) accumulation in front of bridge piers 

during floods, causing backwater effects and expanding the impact of flood disasters. Understanding the distribution of LWD in waterways 

is crucial for disaster prevention strategies. This study employs artificial intelligence to identify LWD in watercourses. Using unmanned aerial 

vehicles for image capture, we create orthophotos and digital elevation model (DEM). Through image analysis, we extract feature informa-

tion to establish a predictive model for LWD. The research results demonstrate that the predictive model successfully identifies the locations 

of LWD accumulations in waterways. Combining this method with disaster management strategies enables a more precise assessment of 

whether LWD removal is necessary in rivers.

INTRODUCTION
Severe typhoons and heavy rainfall intrusions render slopes unstable, triggering landslides and debris flows, causing standing trees on 

hillsides to enter river channels, forming LWD. LWD can alter river morphology and topography (Montgomery et al., 1996), generate water 

flow resistance, reduce flow velocity and sediment transport capacity (Wohl, 2013), increase organic content in river channels, and provide 

complex ecological habitats and environments. Moreover, the movement and accumulation of LWD in river channels may inflict damage and 

blockages on human-made structures (such as bridges and levees), generating backflow effects that exacerbate flood disasters, resulting in 

potential human casualties and financial losses. Therefore, understanding the distribution of LWD in river channels is paramount for disaster 

prevention agencies in formulating mitigation strategies before the next disaster.

With the continuous development of Structure from Motion (SfM) in photogrammetric techniques, SfM photogrammetry has become a cru-

cial tool for establishing terrain surfaces and topographic models (Morgan et al., 2017; Smith et al., 2016). In LWD-related research, Spreitzer 

et al. (2019) applied SfM photogrammetry and grid algorithms to generate various modeling patterns, comparing them with traditional vol-

ume estimations to study the differences in geometric shapes and volumes of LWD. Although the application of machine learning for LWD 

identification has not yet become widespread, LWD accumulations are generally susceptible to the influence of surrounding environments, 

leading to varying identification conditions. Additionally, due to the relatively small size of LWD accumulations in river channels, obtaining 

relevant data through satellite imagery proves challenging. Liang et al. (2022) addressed this challenge in their study by utilizing color space 

factors combined with an XGBoost classifier to identify the distribution and location of LWD while quantifying its volume.

METHODS
The study area of this research is located at the Luye River in Taitung County, Taiwan. UAV were utilized for capturing the river channel's 

topography through nadir imaging, with a flight altitude of approximately 30 meters. The photo overlap rates for the side and front-to-back 

were around 50% and 70%, respectively. A total of 617 photos were taken, covering an approximate river channel area of 4.29 hectares. Sub-

sequently, 3D modeling software (Agisoft Metashape) generated 2cm x 2cm orthophotos and a DEM. In the subsequent analysis, MATLAB 

extracted factor types of different objects within the river channel. These factor types encompass color space factors, color K-means factors, 

texture factors, terrain elevation factors, and terrain texture factors. Finally, Python was employed to train and validate the LWD prediction 

model. Due to the large amount of training data required during the modeling process, the model classifier adopted XGBoost, known for its 

efficiency in handling extensive datasets, to construct the predictive model. To enhance computational efficiency, the study area was divided 

into 40m x 40m blocks for analysis (Figure 1).
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Figure 1 The Location and Block Segmentation Results of the Research Study Area.

The color space factors involve the utilization of RGB, YCbCr, HSV, and LAB. The color K-means factor involves employing unsupervised 

learning to classify the four color spaces separately and generate new factor combinations based on the classification results. The texture 

factor adopts the Gray-Level Co-occurrence Matrix (GLCM). In images, texture is primarily influenced by the spatial distribution and arrange-

ment of objects. Different texture features can be distinguished in regions with similar color values as long as the spatial distribution pat-

terns differ. Statistical values are estimated through the GLCM matrix, presenting the texture characteristics of objects. The utilized statistical 

values include contrast (Con), energy (Ene), correlation (Cor), and homogeneity (Hom). The terrain elevation factor involves the average 

elevation data of DEM in different study blocks. The terrain texture factor directly utilizes the results of DEM for texture analysis, employing 

the same methods as the texture factor and using the same statistical values for estimation. This study categorizes objects in the images into 

four major classes: LWD, dry sand, water, and vegetation, as illustrated in Figure 2. The predictive model's performance is evaluated using 

a confusion matrix.

Figure 2 The object classification in the research study area includes Large Woody Debris (LWD), Dry Sand (DSand), Water, and Vegetation (Veg).

RESULTS AND DISCUSSION
The training samples for the LWD prediction model were manually selected, with the number of samples representing the quantity of grids. 

The sampling results indicated a total of approximately two million data points were sampled. For validation, cross-validation was employed 

to evaluate the model's predictive capability. MATLAB was applied to extract different factor types from the images. A total of 61 factor com-

binations were generated by mixing and arranging the various factor types. Collinearity analysis was performed for all factor combinations, 

and based on the Variance Inflation Factor (VIF) with a threshold of 8, factor selection was conducted. Finally, 24 combinations that met the 

criteria were produced. Individual LWD prediction models were established for each factor combination, and the predictive model results 

were evaluated using a confusion matrix, focusing on LWD identification. 
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The primary goal was to identify LWD. Therefore, with reference to the recall rate of LWD in the confusion matrix, suitable factor combina-

tions for LWD identification were selected. The analysis results, as shown in Figure 3, indicated that the factor combination of un46, un49, 

and un52 performed the best among all factor combinations. The recall rates for LWD in un46, un49, and un52 were 82.35%, 83.46%, and 

82.72%, respectively. Since un49 had the highest recall rate for LWD among all factor combinations, the model based on un49 was selected 

for LWD identification in the Luye River. The model based on un49 incorporates factors such as the HSV color space, texture factor, terrain 

elevation factor, and terrain texture factor. In the confusion matrix, the results showed recall rates of over 80% for each identification item, 

with an overall accuracy of 91.28% (as shown in Table 1).

After the images underwent prediction using the LWD prediction model, some small blocks were still misclassified as LWD (Figure 4). 

Therefore, morphological image processing and LWD pattern analysis were employed to reduce the areas where LWD was misjudged. Mor-

phological image processing involves using erosion and dilation to achieve elimination. Combining these operations with the characteristics 

of LWD patterns eliminates information that does not align with the on-site LWD size characteristics, resulting in the final LWD identification 

outcome (Figure 5).

Figure 3 LWD Recall for Each Factor.

Table 1 Confusion Matrix for LWD Prediction Model (un49)

Figure 4 The predicted results of the LWD prediction model.

Figure 5 The final LWD identification results.
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This study compared the manual selection of LWD with the results of LWD identification, calculating the success rate of LWD identification. 

As the model prediction results indicated that the elevation difference within each block is a crucial influencer of the model, an analysis was 

conducted on the elevation difference in each region and the success rate of identification (Table 2). The analysis revealed that the success 

rate of LWD identification is 75% to 100% when the elevation difference is less than 2m. However, the success rate significantly decreases 

for LWD with an elevation difference exceeding 3m, ranging from only 20% to 62%.

Table 2 Results of elevation difference and LWD recognition success Rate in River

CONCLUSIONS
The contribution of this study lies in the successful application of artificial intelligence to identify the distribution of LWD in river channels. 

Additionally, it overcomes the limitations of past approaches that solely relied on color space for LWD identification. In areas with rapid 

elevation changes between the riverbed and high sandbanks, there is a tendency to misidentify sediment as LWD. In regions where the ele-

vation difference is 3 m or more, or where the terrain fluctuates dramatically within a block, the analysis results may impact the success rate 

of LWD identification. Future recommendations include avoiding areas such as slopes and high sandbanks to minimize elevation variations 

between blocks, which would enhance the sensitivity to the elevation and contours of the target LWD during identification.
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