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Abstract 30 

Under future climate regimes, the risk of typhoons accompanied by heavy rains is expected to 31 

increase. Although the risk of disturbance in forest stands by strong winds has long been of 32 

interest, we have little knowledge of how the process is mediated by storms and precipitation. 33 

Using machine learning, we assess in cool- temperate forests the disturbance risk by typhoons 34 

that landed in northern Japan in late August 2016 to determine the features of damage due to 35 

typhoons accompanied by heavy precipitation, discuss how the process is mediated by 36 

precipitation as inferred from the modelling results, and delineate the effective solutions for 37 

forest management to decrease the future risk in silviculture. In the results, we confirmed two 38 

types of behaviours in the model: one represents the same process as that of forest disturbance by 39 

the strong wind, which has been widely studied, and another represents a unique process 40 

mediated by storms and precipitation, which has not been investigated. Specifically, the ridges 41 

that received strong wind from the front side had the highest risk of disturbance. Precipitation 42 

increased the probability of disturbance in forest stands, and its effect depended on the dominant 43 

species composition. Our hypothesis regarding treefall mediated by storms and precipitation is 44 

that rainwater flows into the gaps around the tree root systems during sway, and the introduction 45 

of rainwater below the root-soil plate decreases the root anchorage. The species-specific 46 

vulnerability to rainfall may depend on the volume of lateral roots. Modelling the disturbance 47 

risk helped us to examine the kinds of factors that were related to exposure and vulnerability that 48 

should be managed to effectively decrease the risk of disturbance by typhoons during future 49 

uncontrollable hazards. It is recommended to avoid silviculture on the ridges of plateaus 50 

considering the high risk estimated in this area. In addition, species with dense lateral roots 51 

would be suitable for planting because they may have high resistance to typhoons with heavy 52 
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precipitation. 53 

 54 

Keywords: wind disturbance, risk assessment, topography, total precipitation, forest structure, 55 

climate change 56 
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1 Introduction 59 

Extremely intense tropical cyclones (categories 4 and 5; maximum wind speed ≥ 69 m∙s-1) are 60 

expected to increase in frequency at the end of the twenty-first century (2075–99) under the 61 

Intergovernmental Panel on Climate Change (IPCC) A1B scenario (Murakami et al., 2012). This 62 

timescale corresponds to the time when the planted seedlings reach old age and become 63 

vulnerable to strong winds in the temperate zone. Tropical cyclones (typhoons) in Eastern Asia 64 

sometimes bring heavy rain; Typhoon Morakot in 2009 (over 3000 mm) and Typhoon Talas in 65 

2011 (over 2000 mm) in the western North Pacific region are recent examples that induced 66 

extreme rainfall. Several case studies have indicated that precipitation accompanied by a typhoon 67 

is expected to be intensified in future climates (for example, Nayak and Takemi, 2019a, 2019b; 68 

Takemi, 2019). We should be aware of the increased disaster risk in forest landscapes caused by 69 

both strong winds and extreme precipitation in the regions where typhoons are a major natural 70 

hazard to forest ecosystems (Nakashizuka, 1989; Yamamoto, 1989). 71 

Risks from climate change impacts result from the interaction of vulnerability, exposure, 72 

and hazards (Oppenheimer et al., 2014). In the case of forest damage caused by typhoons, 73 

hazards correspond to strong winds and heavy rain, exposure implies the presence of forest 74 

ecosystems in places and settings that could be damaged, and vulnerability is the susceptibility of 75 

the forest structure to strong winds and heavy rain. All factors related to risk must be considered 76 

when analysing the process of emergent risks. Forest disturbance risk models consisting of 77 

factors representing hazard, exposure, and vulnerability will also be useful for finding an 78 

effective adaptation measure because these models will help us to examine the factors of 79 

exposure and vulnerability that will be effective in decreasing the risk under uncontrollable 80 

hazards. 81 
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Many previous studies have empirically examined windthrow in forest stands and 82 

revealed the effects of various factors related to hazards, exposure, and vulnerability. High ridges 83 

that run perpendicular to prevailing storm directions protect leeward slopes and valley positions 84 

(Kramer et al., 2001). However, when the valley line and wind direction are parallel, the wind 85 

will converge along the terrain, and damage will occur along the valley floor (Ruel et al., 1998). 86 

The probability of disturbance is also highly dependent on the forest structure. Homogeneous 87 

forest stands with trees of the same age, species, and height and with the same arrays have a 88 

higher probability of damage than heterogeneous forest stands (Jalkanen and Mattila, 2000; 89 

Mitchell et al., 2001; Morimoto et al., 2019), probably because these stands allow strong winds 90 

to pass through forest stands while maintaining their high speed. 91 

However, we have little knowledge of how the process of forest disturbance is mediated 92 

by storms and heavy rain, which will be a challenge to address under the changing climate. Some 93 

studies on forest disturbance in relation to the constant wet condition of soil suggest that shallow 94 

rooting depths due to high water tables contribute to the constant high risk of windthrow 95 

(Stathers et al., 1994; Mitchell et al., 2001). However, few studies have succeeded in 96 

incorporating the ephemeral effect of precipitation into forest disturbance models (Mitchell and 97 

Ruel, 2015). 98 

During 14 days in late August 2016, four typhoons crossed Hokkaido, the northern part of 99 

Japan, and a total of 9,000 ha of forest was damaged by windthrow and landslides (Bureau of 100 

Forestry, Department of Fisheries and Forestry, Hokkaido Government, 2018). The maximum 101 

wind speed of over 35 m∙s-1 was recorded mainly in the southern part of Hokkaido, and the 102 

maximum monthly precipitation was updated at 89 points of the 225 meteorological observation 103 

points in Hokkaido (Japan Meteorological Agency). These successive typhoons were 104 
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accompanied by heavy rainfall and are recognized as a typical example that might frequently 105 

occur in the future (Takemi, T., 2019). Then, we built a prediction model to estimate the forest 106 

disturbance probability due to typhoons accompanied by heavy rain with hazard, exposure, and 107 

vulnerability parameters to (1) identify the features of forest disturbance caused by typhoons 108 

accompanied by heavy precipitation, (2) discuss how the disturbance process is mediated by 109 

precipitation as inferred from the models and (3) delineate effective solutions in forest 110 

management to decrease the risk in silviculture in the future. We used gradient boosted decision 111 

trees (GBDTs), a machine learning method, to model the forest disturbance risk. 112 

 113 

2 Material and methods 114 

 115 

2.1 Study area 116 

Our study focused on 325 km2 of cool temperate forests in Setana, Hokkaido, Japan (Fig. 1; 117 

41°22.6’N, 139°58’E). This region includes a variety of terrain from flat plains to steep 118 

mountains, with altitudes from 0 m to 1300 m. The mean annual temperature in the study area is 119 

8.8 °C, and the mean annual precipitation is 1,055.9 mm (Japan Meteorological Agency; 120 

averages for the period 1981–2010). Andosols and brown forest soils were found within the 121 

study region, which was dominated by natural forests of Fagus crenata Blume, Betula ermanii 122 

Cham., and Acer pictum Thunb. and plantation forests of Abies sachalinensis (F. Schmidt) Mast. 123 

and Larix kaempferi (Lamb.) Carrière. 124 
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 125 

Fig. 1. Study area and tracks of typhoons. 126 

 127 

2.2 Typhoons landed in the study area in August 2016 128 

Four typhoons accompanied by heavy precipitation landed on or came close to Hokkaido over 129 

the 14 days from August 17th to August 30th (Table 1) and caused significant damage to 130 

transportation infrastructure, aquaculture, agriculture, and forestry. Among these typhoons, 131 

Chanthu (No. 7, landing on August 17th), Kompasu (No. 11, landing on August 21st), and 132 

Lionrock (No. 10, landing on August 30th) affected the study area and caused extensive 133 

windthrow and landslides. We focused on the windthrow, especially for the forest collapse which 134 

consisted of many fallen trees uprooted and broken trunks without crowns and a few surviving 135 

trees. The damage to trees was mostly uprooting, and broken trunks sustained minor damage 136 

(uprooted: broken trunks = 7: 3, Supplemental Material S2). The total amount of precipitation 137 

over 500 mm was recorded during this period at many meteorological observatories, which is 138 
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two to four times greater than the amount of precipitation received in an average year (Japan 139 

Meteorological Agency, 2017). 140 

Table 1. General weather conditions during the period of typhoon landing. 141 

 142 

2.3 Windthrow mapping 143 

PlanetScope satellite imagery (Planet Lab Inc., 2020) was used for windthrown mapping. The 144 

satellites deliver images with a spatial resolution of 3 m per pixel in four different spectral bands: 145 

blue (455 – 515 nm), green (500 – 590 nm), Red (590 – 670 nm), and near infrared (780 – 860 146 

nm). The temporal resolution was approximately daily with a constellation operation of more 147 

than 130 satellites, which was crucial for vegetation change detection analysis (Guangxing 148 

Wang, 2013). We used the Level3B product, which was already orthorectified and 149 

radiometrically calibrated to surface reflectance. Before the study, we ensured that windthrown 150 

areas could be identified in the PlanetScope satellite imagery (Supplementary material S1). We 151 

used pre-typhoon images collected on June 28th and July 1st, 2016, depending on the region, and 152 

post-typhoon images collected on September 21, 2016, through the PlanetScope platform. The 153 

images pre- and post-typhoons were individually combined to cover the study area. 154 

The spectral angle mapper (SAM) algorithm was used to detect windthrow areas. The 155 

SAM is a spectral classification algorithm that calculates the spectral similarity based on the 156 

Max wind
speed

 (m∙s-1) (mm)

Meteorological
weather station

recorded
[sign on Figure 1]

Location and altitude of the
station

Chanthu  Aug. 17th 980 30  Aug. 16-18th 242.5 Nakakineusu [1] 42°13.4’N, 142°56.9’E, 80m

Kompasu  Aug. 21st 994 18 Aug. 20-23rd 296 Itokushibetsu [2] 43°43.3’N, 144°59.3’E, 115m

Linrock  Aug. 30th 940 45  Aug. 26-31st 373 Nukabira [3] 43°22.0’N, 143°11.5’E, 540m

Max total precipitation in Hokkaido

Precipitation accompanied by typhoon

The record is cited from the report by the Japan Meteorological Agency (2016).

Typhoon features during landfall

Name of
typhoon

Landing
period in
Hokkaido

Min central
pressure

 (hPa)

Precipitation
period
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spectral angle between pixels of an input image and training samples (Kruse et al., 1993). First, 157 

we created an input image that has ten spectral bands by layer stacking the spectral bands from 158 

the pre-typhoon (4 bands) and post-typhoon (4 bands) images plus normalized difference 159 

vegetation index (NDVI) bands calculated from each image (2 bands). Windthrown areas should 160 

have their specific spectral characteristics in the input image (Coppin and Bauer, 1996). Next, we 161 

created training samples of windthrown areas through visual interpretation comparing the post-162 

typhoon image with the pre-typhoon image. These images were created in obvious windthrown 163 

areas. Finally, we detected windthrown areas using the input image and training samples through 164 

the SAM algorithm on the Semi-Automatic Classification Plugin (Congedo, 2016) within QGIS 165 

3.02 (QGIS.org, 2020) (Supplementary material S1). With the SAM method, there is a possibility 166 

that land use with spectral characteristics remarkably similar to a windthrow, such as grassland, 167 

will be erroneously classified to be windthrow. However, since our methods use the spectral 168 

features before and after the typhoons for the classification, such a probability is rare. 169 

The test data for accuracy assessment of the windthrow mapping were created using 100 170 

random samplings, which were visually interpreted in the same way as the training sample. In 171 

addition, the post-typhoon WorldView2 imagery (August 20th, 2017), which provides a higher 172 

spatial resolution of 0.37 cm/px, was used as a reference image. The assessment results of the 173 

accuracy of the windthrow mapping revealed a substantial level of agreement (kappa = 0.8, 174 

overall accuracy in the confusion matrix = 90 %). The total windthrow area within the study 175 

region was approximately 240 ha, with a mean patch size of 0.038 ha (maximum = 7.16 ha, 176 

minimum = 0.01 ha). 177 

 178 

2.4 Preparing the dataset for modelling 179 
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The study area of 325 km2 was divided into 10 m × 10 m grid cells using geographic information 180 

systems. For modelling, all 16,472 positive (forest disturbance) cases and 49,416 randomly 181 

sampled (three-fold of the positive cases) negative cases were used. The estimated value of the 182 

probability by modelling did not indicate the actual probability of forest disturbance at this event 183 

but rather its relative probability. As for explanatory variables, we firstly selected the crucial 184 

factors identified by previous studies focused on windthrow risk assessments in mountainous 185 

region dominated by cool-temperate and boreal forests (Kramer et al., 2001; Mitchell et al., 186 

2001; Nakajima et al., 2009). In addition to it, we selected series of precipitation indicators 187 

identified by previous study focusing on shallow landslide in forests by heavy rainfall (Dou et 188 

al., 2019). After the preliminary analyses, variables whose contributions were limited were 189 

omitted from the final model for ease of interpretation. Then seventeen explanatory variables 190 

were considered in this study as follows: meteorological hazard factors (n = 6): maximum wind 191 

speed of typhoon Mindulle (m∙s-1), maximum wind speed of typhoon Linrock (m∙s-1), duration of 192 

wind speed ≥ 15 m∙s-1 during typhoon Linrock (m∙s-1), maximum wind speed of typhoon 193 

Chanthu (m∙s-1), duration of wind speed ≥ 15 m∙s-1 during typhoon Chanthu (m∙s-1), and total 194 

rainfall during the typhoon period (mm); topographical exposure factors (n = 6): surface geology 195 

type, slope angle (°), topex (topographic exposure index, Miller et al., 1987; explained later) with 196 

a 1 km line length, topex with a 2 km line length, topex with a 3 km line length, and the slope 197 

direction relative to the wind of the highest speed (°, 0=head on, 180=opposite); and forest 198 

vulnerability factors (n = 5): forest type (planted or natural), stand age (years), mean diameter at 199 

breast height (DBH) of the dominant species (cm), dominant forest species of the forest stand) 200 

and stand volume per 100 m2 (m3).  201 

 202 
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For the calculation of the maximum wind speed and the duration of wind speed ≥ 15 m∙s-203 

1 of typhoons Chanthu, Kompasu, and Linrock, the Advanced Research Weather Research and 204 

Forecasting (WRF) model (Skamarock et al., 2008) with two-way configuration and four nested 205 

domains with 9 km, 3 km, 1 km and 200 m resolutions was used to numerically simulate the 206 

three typhoons and the surrounding meteorological fields. The criterion of wind speed ≥ 15 m∙s-1 207 

is the threshold of strong winds due to typhoons by the Japan Meteorological Agency (JMA) 208 

definition, which is slightly lower than the threshold 17.2 m∙s-1 of tropical storms by World 209 

Meteorological Agency (WMA) definition. The meteorological simulations for typhoon Chanthu 210 

and typhoon Lionrock were conducted by Nayak and Takemi (2019a, 2019b). The same model 211 

configurations used in Nayak and Takemi (2019a, 2019b) were integrated in this study but with 212 

four nested domains. Takemi (2018) used a horizontal grid spacing of 167 m to simulate the 213 

heavy rainfall event that occurred in the northern part of Kyushu Island in July 2017 and 214 

indicated that the 167-m grid simulation quantitatively captured the rainfall amount. Takemi and 215 

Ito (2020) examined the ability to represent strong winds due to typhoons in complex terrain 216 

with a horizontal grid spacing of 200 m and indicated that the wind speeds simulated with a grid 217 

spacing of 200 m were quantitatively estimated better than those simulated with a grid spacing of 218 

1 km. In this way, both studies demonstrated that the grid spacing on the order of 100 m 219 

adequately captured the spatial and temporal variability of rainfall and wind in complex terrain. 220 

In this study, we took advantage of high-resolution simulations with a grid spacing on the order 221 

of 100 m. The initial and boundary conditions for the WRF simulations were provided from the 222 

Japanese Reanalysis (JRA55) dataset. For the calculation of precipitation, the 1-km Radar-223 

AMeDAS precipitation data were downscaled to 200 m resolution by using the nearest 224 

neighbour interpolation technique with the help of CDO (Climate Data Operators) software 225 
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(CDO, 2019). The interpolation was based on the YAC (Yet Another Coupler) software package 226 

(Hanke et al., 2016). 227 

Topex (Miller et al., 1987) and slope angle were calculated using a digital elevation 228 

model with a 10-m resolution (Geospatial Information Authority of Japan) by QGIS2.18.26 229 

(QGIS Development Team, 2018) and GRASS7.4.3 (GRASS Development Team, 2018). Slope 230 

angle under 5º corresponds to 9 % in slope steepness meaning gentle, the slope angle over 35º 231 

corresponds to 70% in slope steepness meaning steep slope, between 5 º and 35 º corresponds to 232 

between 9 % and 70% meaning moderate and strong slope. The distance-limited topex is the sum 233 

of the elevation angles (above the horizon) or depression angles (below the horizon) estimated at 234 

specified intervals on straight lines radiating outward from the target point in eight directions. A 235 

positive topex value indicates sheltered topography (valley), a value of 0 indicates a flat plain, 236 

and a negative value indicates exposed topography (ridge). We used line lengths of 1, 2, and 3 237 

km, with measurement intervals of 100 m based on Lanquaye-Opoku and Mitchell (2005) and 238 

Mitchell et al. (2001). Forest stand features immediately before the typhoons were derived from 239 

the forest inventory data investigated in 2013 (Hokkaido Regional Forest Office). 240 

 241 

2.5 Modelling and validation 242 

Forest disturbance by typhoons was modelled as a function of the 17 explanatory variables 243 

described above and 2 spatial variables (i.e., latitude and longitude) using GBDTs. Spatial 244 

variables were included in the model to capture spatial autocorrelations that were not explained 245 

by other variables. 246 

The machine learning method is a powerful tool for variable selection, and it is 247 

particularly suited to handling prediction problems that include nonlinear relationships between 248 
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predictor and response variables and complex interactions between variables (Sandri and 249 

Zuccolotto, 2006; Strobl et al., 2007). Gradient boosting is an ensemble learning method that 250 

sequentially combines multiple weak learners (in our case, decision trees) that are developed 251 

with gradual emphasis on observations poorly predicted by the current ensemble model. This 252 

technique permits the development of a model with a high predictive performance without 253 

overfitting, in which high dimensional interactions among explanatory variables and nonlinear 254 

responses are fully accounted for. Interpretation of GBDTs is not as simple as conventional 255 

methods such as generalized linear models, but several techniques, including individual 256 

conditional expectation (ICE) plots and Friedman’s H statistics, have recently been developed to 257 

compensate for these shortcomings. According to these advantages, in forestry, gradient boosting 258 

has been frequently used for modelling stand volume (Dube et al., 2015), canopy cover (Freeman 259 

et al., 2015), and species distribution (Elith et al. 2008). 260 

The following candidate values were tested for the GBDT models: 3, 5, and 10 for the 261 

maximum depth of variable interactions for each learner; 5, 10, and 20 for the minimum number 262 

of observations in the terminal nodes for each learner; 0.5 and 0.8 for the proportion of training 263 

data used to build each learner; and 400, 600 and 800 for the total number of learners. The 264 

shrinkage parameter was set to 0.01 during model assembly. The optimal parameters were 265 

determined using spatially blocked 10-fold cross validation, and model predictive performance 266 

was evaluated using Matthew’s correlation coefficient (MCC) for the optimum threshold. 267 

Accuracy and AUC were also calculated, although the optimal parameter was determined using 268 

MCC. 269 

The relative importance of explanatory variables was evaluated as a decrease in MCC 270 

after permutation of a variable (Breiman, 2001). The average and context-dependent effects of 271 
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each explanatory variable on the probability of forest disturbance were visually inspected by a 272 

partial dependence plot (Friedman, 2001) and ICE plot (Goldstein et al., 2015), respectively. The 273 

ICE plot visualizes the effect of a given explanatory variable for each observation by connecting 274 

the outcome of a model while shifting the values of the focal explanatory variable throughout the 275 

range while keeping other explanatory variables as the original value. The partial dependence 276 

plot indicates the average trend of each curve in the ICE plot. For the ICE plot, each line was 277 

centred at zero at the left end of the x-axis to show the relative effects of explanatory variables 278 

(c-ICE plot sensu (Goldstein et al., 2015)). Each line in the ICE plot was coloured based on the 279 

value of the second explanatory variable to assist with the assessment of the interactive effects of 280 

the two predictors. Friedman’s H statistic (Friedman and Popescu, 2008) was used to detect 281 

explanatory variables whose interaction with the vegetation variables was important and 282 

therefore should be used for colour-coding of an ICE plot. Friedman’s H is defined as a 283 

proportion of the variance in partial dependence estimates explained by interactive effects for 284 

arbitrary suites of explanatory variables. Three hundred sites were randomly sampled for the ICE 285 

plot to prevent the plots from being too dense. 286 

 287 

3 Results 288 

Most of the model performance indices (MCC=0.70, AUC=0.92, Accuracy=0.89) were 289 

reasonably high compared with those of previous studies (Hanewinkel et al., 2004: MCC=0.16-290 

0.20, accuracy=0.65-0.70, Morimoto et al., 2019: MCC=0.28, AUC=0.93, accuracy=0.88). 291 

Fig. 2 shows the importance of the predictor variables from gradient boosting for 292 

predicting forest disturbance by typhoons. The three most important variables excluding spatial 293 

variables that were influential on the forest disturbance were dominant species, relative slope 294 
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direction, and total precipitation. The maximum wind speed itself had low importance on the 295 

prediction because it was highly correlated with topex (3 km) (Spearman’s rho = -0.42), which 296 

was ranked as the 6th most important variable for predicting the forest disturbance. Topex (3 km) 297 

has two effects on forest disturbance: one is the sidelong effect that appears through the 298 

maximum wind speed (the wind speed is higher in ridges; therefore, forest disturbance risk rises 299 

there), and the other is the sheer effect of topography represented by topex (3 km) (strong winds 300 

blow through while keeping the wind speed at the ridge, and turbulence occurs at the leeward 301 

side of the ridge; therefore, forest disturbance is more likely to occur on the side than in the 302 

valleys and slopes that experienced the same wind speed). Topex (3 km), which can explain both 303 

the effects of wind speed and topography, is more likely to be selected as an effective variable 304 

than the maximum wind speed. Once topex (3 km) is selected, the maximum wind speed alone 305 

does not have much influence on the forest disturbance. 306 

When we discuss the effect of a factor, we should consider its interaction with other 307 

factors. Friedman’s H, which indicates the strength of an interactive effect with other variables, 308 

was high for dominant species, relative slope direction, and total precipitation (Fig. 3a), which all 309 

have relatively high variable importance (Fig. 2). Dominant species moderately interacted with 310 

total precipitation (Fig. 3b), and the relative slope direction moderately interacted with dominant 311 

species (Fig. 3c) because the proportion of the variance explained by the interactive effects was 312 

approximately 0.25 to 0.3. 313 
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 314 

 315 

Fig. 2. Variable importance plots for predictor variables from gradient boosting for predicting the 316 

forest disturbance by typhoons. 317 

 318 
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 319 

Fig. 3. Friedman’s H-statistics of each factor (a) with all other factors, (b) with dominant species, 320 

and (c) with relative slope direction for a model predicting the forest disturbance probability. 321 

The partial plot showed the highest probability of disturbance in the A. sachalinensis 322 

stand among the main stands of five dominant species in the study area when other variables 323 

were fixed (Fig. 3a). A strong wind blowing from the front side of the slope showed a high 324 

probability of disturbance, regardless of the angle (Fig. 3b). The closer the wind direction was to 325 

the back of the slope, the lower the risk of disturbance. The probability of forest disturbance 326 

increased in stages when the total precipitation reached 60 mm and 100 mm (Fig. 4c). The 327 

probability of forest disturbance was higher in the ridge than in the flat and valley zones at the 328 

topography scale of 3 km (Fig. 4d). 329 
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 330 

Fig. 4. Partial dependence plots for major predictor variables for GBDT predictions of forest 331 

disturbance occurrence; (a) dominant species (Fc (Fagus crenata), As (Abies sachalinensis), 332 

Be (Betula ermanii), Lk (Larix kaempferi), Ap (Acer pictum)), (b) relative slope direction (°), (c) 333 

total rainfall (mm), and (d) topex (3 km). Each plot is drawn in only the range or ranges of the 334 

subsample used for modelling. 335 

 336 

The increasing pattern of the forest disturbance probability associated with the increasing 337 

total precipitation was different depending on the dominant species of the stands (Fig. 5). The 338 

disturbance probability of A. sachalinensis stands increased sharply when the total rainfall 339 

exceeded 60 mm. The stands of other dominant species showed a lower disturbance probability 340 

than A. sachalinensis stands in the total precipitation stage from 60 mm to 80 mm. Although 341 

sharp increases in disturbance probability were also observed for other species when total rainfall 342 

was > 100 mm, these responses are not very reliable or applicable due to the limited number of 343 

sites that experienced such high rainfall. 344 
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 345 

Fig. 5. Mutual effects between species and total precipitation on the probability of forest 346 

disturbance. (a) A. sachalinensis and F. crenata; (b) A. pictum, B. ermanii, and L. kaempferi. 347 

Expected responses for each grid were centred at zero at the low end of an explanatory variable. 348 

Filled circles indicate observed values of an explanatory variable for each site. Three hundred 349 

sites were randomly sampled for visualization to prevent the plots from being too dense. 350 

 351 

4 Discussion 352 

 353 

4.1 Feature of forest disturbance by typhoon accompanied by heavy precipitation 354 

We confirmed two types of behaviours of the model: one represents the same process as that of 355 

forest disturbance by strong wind, which has been widely studied, and another represents a 356 

unique process mediated by storms and precipitation, which has not been investigated. The 357 

former type of forest disturbance can occur in the early periods of typhoon landing and the latter 358 

type of forest disturbance can occur in the late periods because the cumulative rainfall increases 359 

as time passes. 360 
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Ridges exhibited a high risk of forest disturbance (Fig. 4d), as indicated in many previous 361 

studies (Everham and Brokaw, 1996; Kramer et al., 2001), suggesting that strong winds 362 

predominantly blew across valleys and caused stronger wind speeds at ridges than valleys (Ruel 363 

et al., 1998) during typhoon landings. The effects of topography on the forest disturbance 364 

probability actually included the effects of maximum wind speed, as a strong correlation was 365 

indicated between topex (3k) and maximum wind speed. In addition, the decreasing pattern of 366 

forest disturbance probability along with the increasing relative slope direction (Fig. 4b) 367 

explained the contrasting damages across ridges due to the high variety of combinations in the 368 

direction of the strong wind and the slope aspect in mountainous landscapes (Rentch, 2010). Our 369 

analysis more specifically explained the old assertion that local unique topography increases the 370 

probability of windthrow due to complex terrain (Ruel et al., 1998; Kramer et al., 2001). 371 

Precipitation was shown to increase the risk of forest disturbance in forest stands, and its 372 

effect was dependent on the dominant species of the stands. Total precipitation over 60 mm 373 

during typhoon periods highly contributed to the forest disturbance (Fig. 2, Fig. 4c). Although 374 

not all the total rainfall penetrated the soil and contributed to uprooting, it suggests that there was 375 

some correlation with the amount of rainfall that substantially contributed to uprooting. This 376 

result corresponds to a previous report that stated that tree stability was lower after rainfall (1 day 377 

after 68 mm of precipitation along with a typhoon) than before (Koizumi, 1987), which was 378 

confirmed by the tree-pulling test for five trees. In general, uniform structured forests such as 379 

plantations are more vulnerable to storms than are multistoried natural forests (Quine and 380 

Gardiner, 2007; Morimoto et al., 2019). However, the effect of the dominant species was more 381 

important than that of the forest type (plantation or natural) in our model, suggesting that the tree 382 

form representing the species features controls the process of forest disturbance in the case of 383 
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rain typhoons. 384 

In general, thick and long taproots have the effect of anchor, avoiding from uprooting 385 

(Karizumi, 2010). However, the anchor effect was not exerted under the rainy typhoon, given A. 386 

sachalinensis whose taproot highly developed (Supplementary material S3) uprooted at lower 387 

level of precipitation than other species. Interestingly, A. sachalinensis has a higher tendency in 388 

uprooting by strong wind from the perspective of physical structure in root systems and canopy 389 

traits (Supplementary material S3) showed high vulnerability to precipitation (Fig. 5); other 390 

species that have a lower tendency in uprooting from the perspective of physical structure 391 

showed mostly high resistance to precipitation. In particular, we noticed a lower density of 392 

lateral and fine roots in A. sachalinensis than in other species. This result corresponded to the 393 

previous suggestions that the horizontal distribution of root systems should serve as the major 394 

resistance to windthrow (Krause et al., 2014), and few large trees can rely solely on tap roots and 395 

need to develop thick lateral roots to prevent uprooting (Crook and Ennos, 1998).  396 

The allometry of tree height with respect to the trunk diameter (height/DBH) has been 397 

discussed as one of the most important factors determining windthrow damage (Cremer et al., 398 

1982; Ancelin et al., 2004). This parameter in the present study area ranged from 54 to 86 and 53 399 

to 83 for A. sachalinensis and L. kaempferi, respectively. These ranges indicate the windthrow 400 

risk from low to high according to Shibuya et al. (2011). Moreover, the ranges of allometry 401 

values were similar for the two species, meaning that this factor cannot explain the difference in 402 

vulnerability to precipitation, although this is one of the factors often related to treefalls by 403 

typhoons. 404 

 405 

4.2 Hypothesis of the forest disturbance process mediated by storm and precipitation 406 
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The general process of treefall elucidated by tree-pulling experiments (Coutts, 1986; Karizumi, 407 

2010; Kamimura et al., 2012) and the shapes of the root system related to resistance to 408 

windthrow (Krause et al., 2014) provide us with the opportunity to form a hypothesis on how the 409 

forest disturbance process is mediated by storms and precipitation inferred from the modelling 410 

results. We focused on the process of uprooting because it was the dominant type of damage after 411 

the events, and it has been reported that uprooting was identified under wet conditions more than 412 

stem snapping when 16 studies of wind disturbance were compared (Peterson and Pickett, 1991). 413 

Three types of interspaces will emerge in the soil around tree root systems when a tree is 414 

attacked by strong wind (Supplementary Material S4a): the first is a small hollow hole between 415 

roots and the adhering soil (Karizumi, 2010), the second is a complex network of cracks 416 

developed on the windward edge of the root-soil plate, and the third is an irregular crack that 417 

appears under the root-soil plate, apparently as a result of stretching the undersurface of the plate 418 

and separation of the sinker roots (Coutts, 1986). Rainwater penetrates all of these gaps and 419 

ultimately contributes to increasing the water content below the root-soil plate. The water content 420 

below the root plate significantly affects root anchorage, i.e., high water content below the root 421 

plate decreases root anchorage (Kamimura et al., 2012), which will then cause the tree to fall 422 

over. The difference in vulnerability to rainfall may stem from the shape of the root system, 423 

especially the volume of lateral roots, which serves as the major resistance to uprooting (Krause 424 

et al., 2014). Dense lateral roots and fine roots will be able to widely disperse rainwater inside 425 

the soil-root plate and postpone rainwater pooling under the plate. However, sparse lateral roots 426 

and fine roots with thick taproots may gather most of the rainwater into cracks formed just below 427 

the taproot, and the water content under the root plate may rise immediately (Supplementary 428 

Material S4a). The root system of A. sachalinensis (Supplementary Material S4b), which had a 429 
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physical structure that was more likely to be uprooted by strong winds than other tree species, 430 

also had root systems in which the soil water content under the root plate easily increased by 431 

heavy rain (Supplementary Material S4b). Therefore, the difference among species in the risk of 432 

forest disturbance appeared clearly. 433 

This hypothesis should be verified by future tree-pulling experiments under artificial rain 434 

and modelling the tree behaviour under storm and rain conditions. 435 

 436 

4.3 Effective solutions in forest management to decrease the risk in silviculture 437 

Forest disturbance risk modelling comprised of three main drivers (Oppenheimer et al., 2014) 438 

helps us to examine what kind of factors related to exposure and vulnerability are to be managed 439 

to effectively decrease the risk in silviculture in the situation of uncontrollable hazards in the 440 

future. Regarding controlling exposure, avoiding silviculture on a ridge is recommended 441 

considering that the risk estimated in this area was higher not only in our study but also in many 442 

previous windthrow models (for example, Mitchell, 2013). In addition to controlling exposure, 443 

vulnerability control is also important. In our model, dominant tree species were related to forest 444 

disturbance through vulnerability to rainfall. Species having dense lateral roots would be suitable 445 

for planting because they may have higher resistance to typhoons accompanied by heavy rain. 446 

However, we must admit the limitation of our analyses. Our modelling only expresses the pattern 447 

or process that a major trend shows because all variables are simulated or estimated. Then, we 448 

cannot discuss the minor trend of forest disturbance. Additionally, the high importance of latitude 449 

and longitude in our model (Fig. 2) means that there are still missing spatial variables that are 450 

strongly related to forest disturbance by typhoons, although we tried to include all the possible 451 

factors we could evaluate. We might determine a more specific process of forest disturbance by 452 
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typhoons accompanied by heavy precipitation after including new principal parameters. 453 

 454 

 455 
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