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Electricity distribution networks are a significant component of any energy system and due 

to various environmental factors, these systems encounter fault risks that may lead to 

substantial power outages. This thesis presents an immense geospatial analysis and statistical 

analysis of the risk estimation of overhead lines using open data.  The analysis includes 

multiple types of datasets such as the canopy height model (CHM), tree volume and 

diameter, major species of the trees, crown snow load, and wind speed data. For analysis, 

the algorithm was developed in Python programming language and Quantum Geographic 

Information System (QGIS) open-source software to link and assess the data for risk location 

in the specified areas. Various statistical and geospatial techniques are applied to figure out 

the relation between overhead lines and all data sets. The key finding of this thesis shows 

the essential role of tree, snow, and wind variables which are contributing to the risk of 

power outages that not only pose economic losses but also public inconvenience and safety 

risks. The developed algorithm allows risk estimation in high resolution, and it is scalable to 

any large geographical areas and as well as yields a better class of analysis for utility 

companies to implement precise actions for maintenance and preventive measures. 
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SYMBOLS AND ABBREVIATIONS  

Abbreviations 

CHM                                  Canopy Hight Model 

FMI  Finnish Metrological Institute 

FNI                                     Finnish National Forest Inventory 

LiDAR  Light Detection and Ranging 

QGIS  Quantum Geographic Information System 

LAI                                     Leaf Area Index 

OPM                                   Outage Prediction Model 

MDI                                    Mean Decrease Impurity 

MAE                                   Mean Absolute Error 

RMSE                                 Root Mean Square Error 

MSE                                    Mean Squared Error 

 

Greek Characters 

 𝛽°                             Intercept 

𝛽1                                       Slope coefficient 

∈                               Intercept 

Y                               Dependent variable 

X                               Independent Variable 
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1   Introduction 

As dependency on electricity is important, and its implications can be far reaching in case of 

prolonged outages, reliability in distribution networks is important since modern societies 

cannot afford extended outages. At the same time, climate change is worsening extreme 

weather events – including storms, high winds and snow loads which are major threat to the 

reliability and resilience of distribution networks. Significant strides are being taken to 

improve weatherproofing approaches, particularly in urban settings, but the complete 

weatherproofing of rural networks is frequently impractical on an economic and logistical 

basis. According to the eight edition of the Finnish National Forest Inventory (NFI 8) after 

the growth of fungi environmental elements like snow and wind are the most common agents 

for damaging the forests which increases the level of risk for distribution networks. This is 

particularly true in the case of snow and wind that significantly lower the stand quality up to 

6.8% of land forest in Finland (Jalkanen and Mattila, 2000a). Whereas the major 

interruptions caused by wind and snow load in overhead lines which is 35% by wind and 

38% by snow (Energy Authority of Finland, 2021). The risk for wind damage is based on 

factors such as tree height and age (Nykänen M.-L. Peltola H., Quine C, Kellomäki S, 1997). 

Referring to Figure 1.1. which shows a general methodology on distribution network fault 

analysis. Using the datasets mention in the Figure 1.1 an algorithm has been developed in 

Python and integrated with QGIS software with the distribution network and end up 

evaluating fault risks. 

 

 

 

 

 

 

 

 

Figure 1.1. Risk analysis of overhead distribution network. 
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1.1  Research problem 

The distribution of electricity needs to be reliable so that the networks do not face power 

outages. Distribution networks could be affected by environmental factors such as tree falls, 

heavy snow, and winds, resulting in faults and therefore power outages. Outages come with 

not just financial costs but also safety concerns and inconveniences(Hartling et al., 2021). 

While efforts such as tree trimming or underground cabling will minimize the frequency of 

those outages, it necessitates substantial resources and planning therefore these are not 

universally ideal solutions for every distribution network (Kabir, Guikema and Kane, 2018). 

The identification of tree failures during extreme events spotlights a need for more 

sophisticated predictive models. Furthermore, (Hartling et al., 2021)discuss the efficacy of 

using high-resolution LiDAR data to predict power outages due to tree failures because this 

highlights a need for detailed incorporation of environmental data into risk assessment 

models. To address the challenges of the integration of various environmental datasets to 

build an end-to-end risk estimation model that could be used by utility companies for 

targeted maintenance and preventive actions. 

Considering these challenges, there is a need for more robust approaches that can integrate 

multiple environmental datasets to improve overhead distribution networks power outage 

predictions. A typical predictive model only looks at limited sets of data points, e.g., distance 

from vegetation and basic weather patterns. However, predictive accuracy and effectiveness 

of maintenance strategies can be enhanced by developing an approach that goes beyond these 

limitations with a more diverse data source framework that includes weather forecasts, 

vegetation growth trends, crown snow and historical outage records. Integrating such diverse 

sets of data into a single risk estimation model can provide utilities with greater insights on 

the factors that lead to outages. This not only meets the demand for quick operational support 

but also acts as a scalable solution across different geographical areas and power distribution 

networks for both urban and rural environments with diversified network environments.  
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1.2  Objective and research questions 

The main objective of this study is to develop an algorithm that will enable the extractions 

of relevant features of the open data such as tree data, crown snow load, and wind speed 

data, and arrange them on the distribution network for the spatial representation of risks. The 

algorithm provides a detailed analysis of pinpointing possible high-risk areas for power 

outages so that utility companies can operate maintenance on certain areas correctly, to 

minimize the frequency and time taken for power outages. 

One of the main challenges of this target is the diversity in environmental conditions, which 

can impact algorithm performance from one region to another. The main target here is to 

train a general model that predicts outages by overlaying the environmental data on top of 

distribution network; however, there are local phenomena such as microclimates and the 

irregular nature of terrains that make things less straightforward. In regions where wind 

intensity and snowfall are known to vary greatly over short distances, the slightest 

topographically induced changes in wind, temperature, and moisture content will result in 

disparate outage risks. The type and density of tree cover and the moisture in the soil may 

also affect how much trees will fall, introducing variance in power outages estimations. 

Hence, the generalizability and robustness of the algorithm can be improved by considering 

localized effects and micro-environment factors. 

Moreover, the performance of the algorithm is highly dependent on open data sources in 

terms of availability and resolution. Although valuable because of free access and low cost, 

open data are not always available with high spatial resolution. For example, satellite 

imagery and remote-sensing data may not reflect real-time fluctuations in tree growth or the 

swift buildup of snow in localized spots. To address this constraint, the algorithm could be 

further developed to include data from additional data sources such as drone-based LiDAR. 

If these datasets were readily available, they would provide more spatial details, allowing it 

to identify and react to gradual environmental shifts. If these techniques of advanced data 

gathering are adopted, we would have a lot more accurate risk map, as well as precise 

preventive actions, predicted by the algorithm. 

However, in areas where medium voltage lines go through thick tree canopies, the model 

could be less accurate. Environments, where snow accumulates on tree limbs in conjunction 

with strong wind events, could lead to unexpected, localized outages that the current 
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orientation of the model cannot capture. There is even more uncertainty due to differences 

in tree species, growth, and distance from the power lines. Although the algorithm accounts 

for typical characteristics of the environment, it may need additional modifications to 

properly model how the wind, snow, and trees interact with one another dynamically with 

information that is especially relevant in regions where vegetation density is high. Future 

investigations may focus on refining the accuracy of the algorithm through additional fine-

grained vegetation data and attempts to account for these complex interactions. 

Another essential factor to consider is the variability of environmental conditions that may 

change quickly due to season or weather extremes. Trees that are not much of a risk to power 

lines in the summer can be a much greater threat in winter when heavy snow loads accreting 

on branches, or during storms when the high winds shove tree branches into overhead lines.  

This thesis shows how the integration of tree and site variables with a random forest 

regression model for predicting damage from wind and snow gives a relevant example of 

developing and validating predictive models in geographically distinct areas. Integrating 

biological data on tree species with environmental variables (such as wind speed and crown 

snow load) are used to improve how well the algorithm can predict tree failure. For this risk 

analysis, this thesis will focus on these research objectives below:   

1. What kind of methodology is needed to produce a scalable high resolution risk 

estimation algorithm for large geospatial areas? 

2. How to improve the prediction of tree-related power line faults with the combination 

of tree species data and environmental factors such as winds speed and crown snow 

load? 

3. How could the model improve the planning and operational management for 

distribution companies? 
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1.3  Literature review 

Research has shown that the tree-based risk assessment and predictive modeling are effective 

in estimating the fault risk on distribution networks and would result in a powerful 

methodology for overhead-line risk management (Guikema, Davidson and Liu, 2006).The 

statistical models that have been used to estimate the effect of tree trimming on power system 

outages, including negative binomial generalized linear models and Poisson generalized 

linear mixed models and comprehensive analyses of data from Duke Power, which indicate 

that rigorously applied tree trimming can achieve a pronounced reduction in power outages. 

Similarly, multiple developed statistical learning models for tree failure during storms, 

emphasized the need to implement advanced statistical methods such as boosting and 

random forest to observe accurate prediction when trees fall (Kabir, Guikema and Kane, 

2018). 

One of the most used especially in the case of satellite-derived raster data, is the 

measurement of broad-scale biomass and soil quality. Raster data sets such as Canada 

vegetation and land cover dataset to map twelve categories of land cover across the country 

for environmental monitoring, agricultural planning, and land-use management. This 

continuity allows for large-scale analyses such as re-processing the Census of Agriculture 

data into a biophysical framework, which is a nice example of how raster data plays a key 

role in converting raw observations made from satellites into useful information for 

understanding agriculture more deeply (Palko et al., no date). Raster grids are suitable for 

representing continuous geographic data such as elevation or temperature. A raster consists 

of a grid of cells, each of which contains a value that represents the phenomenon across a 

defined area which makes the raster a good fit for environment-based applications like 

tracking data such as vegetation cover or temperature over large areas. The grid-based model 

also greatly simplifies the analysis of continuous data fields and less complex with vector 

models as point coverage (Pingel, 2018). 

Transformation of raster data to vector formats made the Canadian data more useful which 

general GIS systems could apply complex spatial analysis and data integration. This GIS-

based applications as it involved converting raster to vector. The conversion is an essential 

step for spatial calculus as it provides better-structured data for geospatial analytics, 
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especially in scenarios where GIS systems process accurate spatial parameters including, but 

not limited to, boundary representations (Palko et al., no date).  

Commonly, winter snow loads affect forests extremely, most especially in northern climates, 

with the weight of so much crown snow leading to tree failure and even major power outages. 

Snow-damaged trees are more liable to fall onto the distribution network, particularly during 

major snowstorms or when wind speeds rise. Worse still, wet snow is an even greater risk 

as it compacted densely on treetops: which made them doubly vulnerable to breaking or 

falling beneath added wind pressure (Suvanto et al., 2021). On the other hand, Hurricanes 

and ice storms are major causes of power outages in the eastern part of the United States. 

Hurricane-force winds can cause trees and branches to fall onto power lines, causing large 

outages. In contrast, ice storms cause heavy build-up of ice on the branches of trees, 

increasing the possibility of branches snapping or entire trees falling onto wires. Worst case 

scenario, ice build-up also directly affects power infrastructure by weighing down poles and 

lines which leads to mechanical failure(Liu, Davidson and Apanasovich, 2008). Storms such 

as ice storms or windstorms often bring down tree branches onto overhead distribution 

networks, resulting in power outages. That brings with it risks when trees are fully leafed 

because the larger surface area makes them more susceptible to wind damage. More snow 

and ice also add weight to branches, making them more prone to breakage. Power outages 

hit the hardest in congested vegetation areas, when storms with low pressure and heavy 

winds meet up with trees, fully left (Cerrai et al., 2019).  

Hurricane winds and soil conditions before storms hit also strongly influence the chance 

trees uproot and fall on powerlines. When the ground is already saturated with rainwater, 

tree roots weaken, making them more prone to being uprooted in strong gusts. This is 

especially deadly in hurricanes, when sustained high winds place a constant force on trees, 

meaning lines are very susceptible to the outages wreaked by trees and limbs falling onto 

the wires (Han, Guikema and Quiring, 2009). The overhead power grid has a high risk from 

extreme weather events especially when incident to areas with high density of vegetation. 

Enhanced vegetation near power lines, combined with high winds, snow, or ice 

accumulation, can cause significant outages, he said. In fact, trees that grow toward power 

lines are one of the biggest causes of outages during storms, and the chances of a wind-

blown failure soar when severe weather conditions like hurricanes, thunderstorms, and ice 

storms strike (Liu, Davidson and Apanasovich, 2008). 
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In (Jalkanen and Mattila, 2000b) the use of airborne LiDAR data in combination with GIS 

analysis for predicting power outages because of tree failure, discussing the role of high-

resolution data and the potential of local regression models for providing better predictions 

of outages. Whereas according to (Hartling et al., 2021) logistic regression models for 

predicting wind and snow damage to forests and highlighted as also relevant for the 

predictive performance of similar models, the integration of tree and site characteristics, 

focusing on similar variables in this study with a combined environmental variable for 

assessing risk. 

Study shows in (Suvanto et al., 2021) that the model for examining disturbance risk from 

snow in a spatially explicit fashion across forest types. Their findings highlight the 

importance of detailed environmental data in improving risk mapping and show how the use 

of spatially explicit models can be effective in the assessment of eco-environmental hazards. 

Additionally, risk mapping for tree falls along railways using open-source digital remote 

sensing data provides timely monitoring and risk assessment, demonstrating the capability 

of open data to monitor hazards in near real-time (Szymczak et al., 2022). 

Whereas random forest is well-suited for big data, it averages the predictions of a collection 

of decision trees, with each tree built using different bootstrap samples of the dataset. That 

means prediction is even more accurate and that the method is more resistant to overfitting, 

so it is more reliable than methods such as support vector machines or neural networks (Liaw 

and Wiener, 2002). They are especially useful in processing sparse data in high-dimensional 

spaces. It considers only the most pertinent variables, and disregards noise variables, which 

is helpful when the number of variables outnumbers the number of observations. This is a 

critical feature in eliminating overfitting and enhancing the prediction power of the model 

(Biau and Fr, 2012). Random forest methodology has been shown to be effective in assessing 

crown snow load risk overhead lines in (Räisänen et al., 2023). 

All these studies emphasize the importance of data fusion with high-quality measures and 

machine learning algorithms in producing generalizable prediction models of environmental 

hazards on physical infrastructure. Based on these approaches, the proposed research is 

inspired by the objective of transferring these approaches to overhead-line fault risk 

estimation using opening data for full geospatial-based assessment 
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2  Theoretical background of fault risk in overhead lines 

The risk associated with trees is best managed through proactive vegetation management 

practices. Utilities need to not only manage the vegetation within their area but also consider 

the trees that may be just outside of their area of interest since off-right-of-way trees can still 

pose serious risks in snowstorms. This challenge is most salient in heavily forested regions, 

where regulatory constraints can leave utilities with limited options for intervention. In 

addition, tree-induced faults are more easily exposed when heavy snow coincides with high 

winds, which makes tree branches break and fall on power lines more easily (Ferc, 2011). 

This crucial point contributes essential and definite research on overhead lines which is one 

of the important environmental elements in which snow load significantly influences 

overhead lines, particularly in areas with extreme winter circumstances. When trees collapse 

due to heavy crown snow loads, snow disturbances are common in Finland. Studies of forest 

snow disturbances have found that coniferous species, like Norway spruce, are especially 

susceptible to accumulations of heavy snow. According to a study of the probability of snow 

damage around Finland, the probability of tree collapses increased significantly, when the 

snow loads exceeded 75 kg/m². Using data from Finland’s national forest inventory, this 

study demonstrates that forest properties and abiotic factors such as snow load and elevation 

have a significant role in determining the risk of snow-induced tree fall (Suvanto et al., 

2021). 

It is important to create enhanced predictive models using previous environmental and tree-

related data, considering tree-related outages associated with snow and/or wind events. From 

creation of random forest regression models using tree and site characteristics which will be 

useful to predict snow and wind damage to forests. The nuanced analysis reflects their belief 

that fault risk estimation is best done with a mix of tree-level characteristics such as species, 

height, volume, and age along with environmental elements, including wind speed and snow 

load (Jalkanen and Mattila, 2000b). 

With a comparison between two methods of modeling snow loads. In both methods, it was 

shown that the snow damage to trees is overly sensitive to local meteorological conditions, 

especially temperature and wind that determine the accumulation of snow on the trees. These 

models also highlighted the importance of topographical data, as snow damage tends to 
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occur more frequently at higher elevations, where colder temperatures and higher snow loads 

are prevalent (Lehtonen et al., 2014). This indicated that relevant meteorological data in 

spatial rendering would be useful as small temperature changes impact how much snow 

remains in tree canopies, which in turn comes at the risk of falling on the distribution 

network. 

2.1  Vegetation impact on overhead lines 

Heavy snow can weigh down tree branches, and those branches, or whole trees, can snap 

and tumble into power lines. This can result in blackouts, extensive property damage, and 

costly repairs. After the snowstorm, refer to Figure 2.1 where there is probability of tree 

interaction with overhead power lines, probably because of the considerable build-up of 

snow on its branches. This is a case of  how winter weather can create challenges for 

overhead distribution systems.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.1 Risk probability of tree interaction with medium voltage line. 

That kind of thing tends to happen more frequently in parts of the country that get heavy 

snow, where wind and ice can increase the chances of outages from trees. Vegetation 

management is a critical aspect in keeping overhead lines reliable and trees near power lines 
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and outside the right-of-way present significant threats during snowstorms. With no 

proactive management like trimming and monitoring, the risk of a tree falling onto a power 

line remains particularly severe in cold weather conditions. It also shows the importance of 

utilities deploying predictive models and mitigation strategies to reduce tree-related outage 

risks in winter storms. 

Vegetation management performed on overhead distribution lines is a key feature that 

contributes to the risk of faults in terms of both the risk and consequence of outages, 

especially in forested areas. One big problem with trees outside of the managed right-of-way 

is that when heavy winds and severe weather strikes, namely snowstorms, those trees are 

also risk for safety for the distribution network. For example, in snow and ice storms, trees 

can have a heavy load of snow on their branches and crowns, increasing the likelihood of 

breaking and falling onto distribution lines. Research indicates a particularly high risk to tree 

species with a lot of crown structure, like birch and spruce, that trap more snow and are more 

vulnerable to storms (Päätalo, 2000). Reducing these fault risks requires effective vegetation 

management around power lines, especially in snow- and wind-damaged high-risk areas. A 

strategy used by some of the utilities is the “wire zone-border zone" approach, which leaves 

trees out of the area just around the distribution lines but allows lower-growing vegetation 

to remain in surrounding zones. It operates as a means of mitigating faults caused by trees 

near overhead lines i.e. it reduces the chance that tall trees and overhead lines will come into 

contact. However, tree management is still exceptionally non-trivial outside of the utility 

right-of-way, as property rights and other restrictions limit how much vegetation 

management a utility can perform (Cerrai et al., 2020). 

New outage prediction models give an additional understanding of how vegetation affects 

overhead lines. These models (e.g., models developed for snow and ice storms) account for 

snow density, wind speed, and tree characteristics to project the probability of power 

outages. In the northeastern United States, a study examined the capability of using machine 

learning and generalized linear models to predict tree-related storm power outages resulting 

from snow weighing down on trees. Model results showed that wet snow accumulation 

places a much greater risk of vegetation outages in combination with wind. Through 

variables such as leaf area index (LAI), snow density, and wind speed, these models assist 

utilities in determining areas with high risk and determining vegetation management plans 

to address them (Cerati et al, 2020). 
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2.2  Impact of wind on distribution network 

Wind is one of the essential elements affecting the performance and reliability of distribution 

networks; a large number of distribution networks are subjected to weather extremes. Storms 

can damage power infrastructure, leading to outages and expensive repairs. Wind can be one 

of the main ways that cause climate impacts in the distribution network, with one of the main 

mechanisms being that trees get uprooted or broken, fall on overhead lines, and cause faults 

and service interruptions. They also hook directly to distribution towers, poles, and cables, 

applying mechanical stress which causes structural harm. 

Finnish research highlighted the strong winds related to storms Pyry, Janika, and Mielikki, 

damaging many trees and property. An example is the Pyry storm in 2001 that caused 

widespread uprooting and breakage of trees when the wind speed varied in the range of 8–

13 m/s (gusts higher than 15 m/s) together with snow loading on trees. In total, this storm 

alone accounted for nearly 70% of such damage, with Scots pine trees especially susceptible. 

The mechanistic model (which predicts critical wind speeds for uprooting or breaking trees) 

showed that wind speeds of 15–19 m/s could cause extensive damage, particularly in 

recently thinned stands or in those located near the upwind edges of open areas (Zubizarreta-

Gerendiain et al., 2012). Wind impacts can vary by local environmental conditions which 

makes it one of the hardest risks to manage in distribution networks to protect against. 

Variables such as height, species, and rooting depth in trees play a significant role as well, 

as do soil properties, influencing trees’ responses to wind stress. Recent clear-cut 

emplacements or open fields adjacent to older Norway spruce and Scots pine stands in 

Finland were at greater risk of wind damage because the trees had not yet acclimatized to 

the sudden increase in wind load. Weakened root systems and decreased canopy resistance 

to wind due to heavy thinning aboveground also put thinned stands at higher risk 

(Zubizarreta-Gerendiain et al., 2012). 

Outage prediction models (OPMs) created for predicting the probability of adverse weather 

causing power outages - such as that from the University of Connecticut - have identified 

wind velocities and vegetation properties as some of the most critical variables predicting 

certain power outage occurrences. They apply machine-learning algorithms trained on 

historical outage data to incoming weather predictions and environmental data, including 
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wind speed, tree density, and soil type, to predict which outages may occur in storms. 

According to the results from these models, areas of higher vegetation density and those 

exposed to strong winds were more vulnerable to wind outages(Watson et al., 2020). 

2.3  Crown snow load on distribution network 

Crown snow load (snow accumulation on tree crowns) is a considerable risk to distribution 

networks, mainly in the case of regions with potential for snowfall. When snow accumulates 

heavily on the crowns of trees, the total weight can bring down branches and even entire 

trees on power lines overhead, leading to outages and structural damage. Snow load is a 

phenomenon that is influenced by several factors including the species of tree, tree age and 

local meteorology. 

Species like Norway spruce and Scots pine with wide, horizontal branches that collect snow 

through their dense crown architecture, are particularly sensitive to crown snow load. 

Scottish pines are generally considered more susceptible to snow damage than Norway 

spruce, especially within unmanaged stand locations. In the north, as in Finland, trees are 

more likely to reach a heavy snow load that exceeds their structural capacity, not when it is 

just snowing but paired with wind (Päätalo, 2000). More snow load and higher wind speed 

increase the probability of stem breakage and uprooting, and unmanaged forests are at risk 

because they have denser and taller trees. In Finland, geographic and topographic analyses 

indicate the probability of snow damage. Some processes such as accumulation of snow on 

tree crowns are more typical for low temperatures around 0°C, when wet snow can adhere 

to branches. Given that the snow is not displaced by wind or short-term temperature change, 

this weight causes detrimental mechanical overload and tree failure with time. Damaging 

snow loads usually fall within the 10-40 kg/m² range, although Scots pine has been reported 

to experience damage at lower snow loads (around 10 kg/m²) compared to Norway spruce 

which is able to withstand snow loads of 20 kg/m² before incipient damage occurs (Suvanto 

et al., 2021).  

When trees are laden with snowfall on the power lines in distribution networks, it raises one 

of the most serious threats to service interruptions. Since snow load modelling is a key factor 

in assessing the risk to infrastructure, damage modelling like that performed in northern 

Europe demonstrates the critical importance of snow load modelling. Models that integrate 
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both meteorological data (e.g. snow load and wind speed) and forest traits (e.g. species and 

crown morphology) to predict snowstorm branch failures are necessary for planning 

mitigation strategies and reducing snowstorm‐related outages (Lehtonen et al., 2014). As 

shown in Figure 2.2, the risk is most severe in unmanaged stands, where tree height and 

crown structure permit increased snow accumulation. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.2 Trees bent under heavy crown snow loads. 

The combination of heavy, wet snow accumulation with the effects of wind and/or down 

falling trees caused widespread distribution network damage, as was seen with the October 

29–30, 2011 Northeast snowstorm in North Carolina produced widespread damage. Most of 

the outages were caused by trees, heavy with snow, falling on or near overhead powerlines. 

It caused damage at about 50 000 separate sites of distribution lines across the region, and 

more than 3.2 million homes and businesses lost power because of the storm. The leaves on 

trees at the time of the storm meant their surface area for snow was doubled, increasing the 

number of trees that fell over and the risk of power infrastructure being damaged. Also, wet 

soils and trees falling on distribution as well as transmission lines made it quite hard for 

utility companies to restore power (Ferc, 2011). 
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3  Methodology framework and data processing 

This thesis presents a comprehensive approach to risk analysis and assessment, using 

geospatial data and statistical methods. This starts with a risk analysis step that leverages 

grid-based spatial partitioning and data layers (including the processing of 1x1 CHM raster 

and distribution network) to identify and calculate risk areas. After this, the sampling adds 

environmental and tree-specific values to make the risk layer more accurate by calibrating 

for factors like height and volume with further data processing by using statistical regression 

model (linear and random forest) which gives more detailed risk assessment and their 

consequences. This stepwise methodology provides insights into the distribution of risk and 

assists in the validation of findings for better decision-making. The methodology developed 

in this thesis expands and generalizes on the groundwork developed in the study “Crown 

snow load outage risk model for overhead lines”(Räisänen et al., 2023). 

3.1  Data processing 

High-resolution environmental datasets were sourced from the Finnish Meteorological 

Institute (FMI), LUKE and Metsäkeskus. The crown snow load with a resolution of 20 × 20 

m and wind speed data with a resolution of 100 × 100 m has been included with the 

reprojection to a common coordinate system (EPSG:3067). All datasets were obtained in a 

Geo TIFF format used for geospatial analysis tools to keep a consistent and accurate data 

overlay for an integrated data set.  

Table 3.1. Overview of raster data types and their resolutions.  

Raster data Resolution Provider Year Contents 

Tree canopy height data 1x1meters Metsäkeskus Varies m 

Crown snow load data 100x100 meters FMI 2010 kg/m3 

Wind speed data 20x20 meters FMI 2015 m/s 

Mean age 16x16 meters Luke 2017 years 

Mean diameter 16x16 meters Luke 2017 cm 

Average height 16x16 meters Luke 2017 m 

Birch (volume) 16x16 meters Luke 2017 m3/h 

Spruce (volume) 16x16 meters Luke 2017 m3/h 

Pine (volume) 16x16 meters Luke 2017 m3/h 

Average volume of tress 16x16 meters Luke 2017 m3/h 
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Handling high-resolution environmental data, which are large in file size, efficiently can be 

hard due to the limitations of using large database files such as shapefiles. As a result, the 

GeoPackage format has been used due to its scalability and robust capabilities to manage 

large or complex data sets. The scope of the buffer-based analysis with the integration of the 

data mentioned in Table 3.1 in identified buffer areas around parallel overhead lines and 

allowed for estimating conditions like tree distribution within the corresponding buffers. The 

final stage of data validation followed this, to reconcile and synchronise outputs against field 

measurements and historical records to properly work. 

3.1.1  Limitation in data processing 

A major limitation faced in this study is linked to the high resolution (1x1 meter) tree canopy 

height data that were selected for this study aiming for more precise detailed results. 

Although these resolutions would be expected to increase the precision of the analysis, the 

datasets were collected in different years, introducing a temporality discrepancy. Due to 

varying time periods, this inconsistency between datasets generated flaws in the data that 

had a big effect on the quality of the results. The tree canopy height data came from different 

years as shown in Figure 3.1 which is another reason that means that the environmental 

conditions were not uniform across the whole study area (i.e. growth patterns, seasonal 

changes, etc.).  

 

 

 

 

 

 

 

 

Figure 3.1. Multiple 1x1meters CHM raster data sets from 2017 to 2023. 
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Moving further with the lack of availability of 1x1 CHM raster for whole specific area of 

interest the algorithm processed the raster data in Figure 3.2 from (Natural Resources 

Institute Finland LUKE) which contains all the data including mean age, mean diameter, 

average tree height and average volume, listed in Table 3.2 that can provide with more 

information, although these variables also have their own limitations due to their lower 

resolution of 16x16 meters. 

 

 

 

 

 

 

 

Figure 3.2. Merged 16x16 meter raster. 

Listed features in Tables 3.2 are the example that sampled in one 16x16 meter pixel shown 

in Figure 3.2. 

Table 3.2. Features in 16x16 meter Merged raster. 

 

 

 

 

 

 

 

 

 

                

Although such these variables are also essential for understanding forest structure and 

therefore dynamics, the much lower resolution limits the detail and precision that can be 

Feature Value 

Mean ages 42 years 

Mean diameter 17 cm 

Average height 140 m 

Birch (volume) 5 m
3
/h 

Spruce (volume) 5 m
3
/h 

 Pine (volume) 131 m
3
/h 

Average volume of 
trees 

140 m
3
/h 
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obtained in this approach compared to the 1x1 meter CHM raster data. As a result, the results 

may overlook smaller-scale variations in forest attributes. 

3.2  Algorithm development in QGIS 

The Python-based algorithm having an interface with QGIS to determine the risk of an area 

with all data sets was developed in this thesis. All workflow of algorithm as shown in Figure 

3.3 provides effectiveness which can be easily implemented in any given geographic region 

by making the use of open data. 

In risk analysis process mesh creation for distribution network, clipping, and buffering of 

CHM raster data to produce risk zones, followed by raster-to-point conversion and 

calculation of nearest distance to generate risk categories. Whereas in sampling Process a 

spatial data merge on wind and snow rasters with tree raster attributes (height, volume, and 

age) while applying attribute correction techniques to generate a corrected risk layer. For 

statistical analysis the correction of risk layer followed by spatial overlay and comparison 

against fault location data for evaluation of fault risks.  

Figure 3.3 Methodology workflow chart. 

For the merging of distribution network and canopy height rasters. The initial step is a mesh 

generation as shown in Figure 3.4 which is performed at the distribution network scale. This 
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mesh is composed of a series of blocks that enclose the distribution line. This is the mesh 

upon which the splitting and clipping operations will be perform later. 

 

 

 

 

 

 

 

 

 

 

Figure 3.4 Mesh of 100 x 100 km over the distribution networks. 

Next, the algorithm conducts a few geospatial operations. Following the mesh generation 

phase, the algorithm merges the single canopy height rasters into a complete raster that 

extends over the entire distribution network. The algorithm creates the buffer zones around 

the distribution network and cuts the area of interest to the analysis. With these buffer zones 

and the use of geospatial tools to refine the data, the unified raster clipped into smaller grid 

cells, dependent on factors set by the algorithm. This stream processing not only improves 

processing efficiency but also resolves the difficulties associated with big data sizes. Next, 

the algorithm converts these cropped cells to point layers, which enhance further detailed 

spatial analysis. Mathematical calculations are then performed based on Figure 3.4 to 

evaluate the hazard, and then it focuses on trees with a risk of fault based on how close it is 

to the distribution lines. Point layers indicate the areas at risk (given the chance of trees 

falling onto the distribution lines) generated from the risk analysis. This also includes 

important raster data, such as various tree rasters, snow data, and wind data, all formatted as 

rasters, in addition to the multiple risk analysis layers. This new data is sampled and fed into 

the risk analysis layers. These enhanced point layers are subject to additional statistics, 

resulting in a solid foundation for measuring possible overhead distribution line exposure. 
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Figure 3.4. Canopy height model for risk assessment. 

The algorithm samples all the tree data, wind, and snow data, and then samples this into a 

risk layer. Combining these datasets may highlight multiple factors that may contribute to 

nearby distribution line risk. Corrections are performed here as well based on average tree 

height and volume to make sure that the risk assessment takes into consideration the 

variability in tree height and structure. Correcting these factors makes the basic risk layer 

more accurate, making the model a more realistic description of the conditions in question. 

After this process, the errors of the risk layer have been corrected, whereafter it is prepared 

for statistical analysis, which is an important step to understanding the probability of faults 

along the distribution network. 

The fault location data of recorded disturbances from previous years were used for the 

statistical analysis. This historical fault data can be used to assess and validate the model so 

that it helps assess the performance of the corrected risk layer in terms of its capacity to 

predict potential faults. Finally, the success of the model can be seen through the comparison 

of the areas indicated as high-risk by it and the locations of the exact fault occurrences. 

3.3  Geo spatial techniques for analysis  

Buffering generates polygonal bands at determined distances from the distribution network, 

thus defining areas at risk. This is the most important spatial operation as it should only 

consider the area within a certain distance of the distribution lines to make sure the analyses 

are on a relevant area, and this saves the computing time. Using the most sensitive areas to 
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focus on (buffering) to be sure that only the shortest areas of land are exposed to the 

environmental impacts and to be established as a framework for the assessment of risk. In 

this algorithm clipping is used as an additional cleaning step after buffering. Clipping meant 

taking buffered zones and overlaying them to the raster datasets, in this case, raster data of 

the canopy height, and extracting only the information from the intersection, increasing 

precision and accuracy of the risk calculation by reducing the analysis to the selected areas 

and avoiding unnecessary data. 

Raster filtering is applied for filtering each pixel value to separate values that are under 

predetermined conditions to target those tree heights greater than a specific height, since a 

great danger to the distribution network. This filtering is important for minimizing the 

dataset to its most relevant aspects, simplifying the analysis process, and concentrating on 

the high-risk features. Raster filtering is an effective technique that improves data relevance 

and reduces noise, leading to better risk estimates. That raster data is filtered and then 

converted into point data (a crucial step for spatial analysis). Transforming continuous raster 

surfaces into discrete point features facilitates advanced spatial operations and analyses, 

enabling accurate localization of risk factors and integration of heterogeneous data sets. 

The filtered point data and the distribution line vector data are combined in a spatial join, 

which creates a spatial relationship between datasets based on geographic proximity. This 

method computes the distances between tree points to the closest to the medium voltage 

lines, which is one of the main metrics for risk computation. Using a spatial join, different 

spatial datasets were merged so the risk could be calculated based on distance and other 

attributes from the data. With the integrated datasets, risk calculations are made such that 

the algorithm can determine the probability of distribution line failures based on the height 

and distance parameters of trees.  
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3.4  Assessment model for risk 

To determine the basic concept underlying the risk assessment methodology of tree 

interference to distribution network which is used in this thesis as shown in Figure 3.5. This 

blue horizontal line represents an overhead power line which is eight meters above the 

ground. This height is the threshold for the potential risk from adjacent trees which is 

particularly important. The tree being considered has the green vertical line as its height. 

Here the height of the tree is approximately ten meters. The horizontal distance from the tree 

to the power line, which is approximately 15 meters. 

Figure 3.5. Risk assessment visualization. 

The criticality of this risk assessment is a calculation of the hypotenuse or the shortest 

diagonal distance from the top of the tree to the power line. The hypotenuse is the dashed 

orange line. Mathematically, it is calculated using the Pythagorean theorem equation 3.4: 

Length from Tree to Line Centre in above case. 

         Length = (total distance from tree to line centre) – (line width)                      

          𝑑 =  √(𝑙𝑒𝑛𝑔ℎ𝑡)2 + (𝐿𝑖𝑛𝑒ℎ𝑒𝑖𝑔ℎ𝑡)2                                                                                      (3.4) 

Since the tree height is less than the hypotenuse, the tree does not pose a risk to the power 

line. 
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As demonstrated in the above assessments, the use of outdated rasters can result in the 

inaccuracies of risk zones. For example, the old raster data does not reflect recent tree felling 

or regrowth, so trees cropped from some areas that can be flagged as risk. 

To counter this the updated raster dataset with increased precision has been used which 

included features such as: 

• The average height of the trees (in dm, i.e., 80 represents 8 meters). 

• The average tree volume shows tree density and number of trees. 

The improved basic raster data made it possible to better analyse regions that were 

incorrectly identified as risks in the previous dataset. The main filtering step consisted of a 

comparison between tree height and total number of trees for each grid cell: 

• If the mean height of trees was below 80 dm (8 m) and the tree volume in the cell 

was negligible the risk was set to zero. 

• On the other side, if the tree height falls above line height and the tree volume shows 

there was a reasonable amount of vegetation, then the risk remains unchanged or 

increased. 

Instead of relying on the outdated models of risk for each part that dealt with measuring the 

potential for a tree or branch to come into contact with the distribution network, the 

methodology used the more advanced techniques of spatial analysis to move away from that 

outdated model and instead incorporate a more reliable assessment of risk for potential tree-

related interactions to the distribution network based on a risk threshold. This more precise 

targeting of risk reduces false positivity. 

3.5  Regression analysis 

Regression analysis is used to quantify the relationship between each risk factor and fault 

occurrence in the distribution network in order to increase the prediction capability of the 

risk estimation model. Because of this, regression analysis is one of the most important 

statistical tools used to predict an outcome based on a set of observed numbers in a regression 

model, and correlational data. In this case, the goal of regression analysis would be to model 
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the impact of tree height, tree volume, age of tree, tree species, wind speed and snow load 

on the probability of faults along the distribution lines. Regression is applied in order to build 

a functional relationship between environmental factors and recorded fault data, to improve 

predictive accuracy and assist in informing decision-making surrounding maintenance and 

preventative measures. 

3.5.1  Linear regression 

Linear regression is a linear approach to modelling the relationship between a dependent 

variable and one or more independent variables. It assumes a linear relationship exists 

between the dependent and the independent variable, where changes in the independent 

variable predict a change in the observed dependent variable as shown in equation 2.5. 

Simply: Linear regression can be used to evaluate the strength and direction of the 

relationships, benefit hypothesis testing, and enable prediction and forecasting. 

                                                  𝑌 = 𝛽𝑜 + 𝛽1𝑋 + 𝜖                                                     (3.5) 

The model’s accuracy and interpretability are largely due to several key factors. Critical are 

the regression coefficients (𝛽𝑜 and 𝛽1) which as the intercept and slope define how changes 

in the independent variable affect a change in the dependent variable. Residuals, or the 

difference between actual and modelled values, can be used to quantify the error of the 

model. This value measures the ratio of variability in the dependent variable (or output) 

explained by the model and describes how well the model fits the data. The p-value can also 

be used to evaluate the significance of each regression coefficient, with small p-values 

emphasizing dependencies among features. 

3.5.2  Random forest regression 

Random forest regression is one of the most powerful machine learning techniques and has 

become known to be effective in modelling complex, non-linear relationships between 

variables, therefore it is a good option for such risk estimation models. In contrast to more 

normal regression techniques, for example, linear regression, which relies on the assumption 

of a predetermined form of relationship between the dependent and independent variables, 



30 

 

random forest regression operates with the construction of several decision trees during the 

training. Each tree is constructed from a random subsample of the data and the final 

prediction makes use of the predictions from all the trees by taking an average of their 

predictions. This combination of predictions mitigates overfitting, enhances generalization, 

and increases the accuracy of the prediction, which causes it to be very flexible and robust 

to high variance datasets with noise method. 

The key advantage of random forest regression is its performance with large datasets and its 

versatility in handling both categorical and continuous data without the need for extensive 

data preprocessing. Random forest is an ensemble machine learning method, which means 

it brings together the predicted outputs from multiple weak learners (in this case, decision 

trees) to form a strong predictive model. Random forests perform well in high dimensional 

classes of data, and to do this, for each decision tree in the forest, a random subset is trained 

from the dataset, and at each node of the tree a random subset of features is considered for 

splitting. This randomization helps avoid trees being too similar and causing individual 

models to overfit. Basically, by averaging over many trees, random forest provide 

proficiency at balancing the bias-variance trade-off; thus, the outcome is accurate and stable. 

In addition, Random Forest performs a ranking of the features making it possible to evaluate 

which variables influence the dataset; this can be useful at-risk estimation models when 

analysing which features of the factors are relevant to identify possible faults in the 

distribution network. 

In contrast, Random Forest Regression should do well with this dataset because of its ability 

to capture complex, non-linear relationships in the data. The heterogeneous nature of 

environmental parameters such as tree species, wind speed, and snow load, as well as the 

risk variable that has higher inherent variability, can be better handled by Random Forest. 

The ensemble nature of Random Forest allows it to learn complex relationships between the 

input features and risk while maintaining the same data set, providing a more accurate and 

robust model for predicting possible failures in the distribution network. 

The high operational efficiency of Random Forests can also be attributed to their nature to 

capture the interactions between the variables and model any existing non-linear 

relationships within the datasets.  
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4  Risk analysis model results 

In this thesis the developed algorithm on a specific area from Finland, simulating a real use 

case. The analysis incorporated real data from that area: information on tree height, species 

and crown snow load data and wind speed data to assess the performance of the algorithm 

in processing and interpreting complex variables in the environment. 

One of the most important inputs when determining if vegetation is a hazard to the 

distribution network is the average height of trees. Raster data have recorded values in terms 

of tree elevation to the ground. This data is very important since it gives an estimation of 

how high trees in an area could be comparable with the height of power lines. During the 

filtering, average height is used to check if trees can fall onto or grow to be near the power 

lines. The distribution network’s poles are about 8 meters high. Even approaching this 

threshold of tree height on average in any area could be problematic. 

4.1  Risk tree identification  

At the first phase of the risk analysis, risk areas identified only based on a 1x1 CHM raster 

data set. This dataset contains canopy height data that plot out by risk areas in a color-coded 

representation in Figure 4.1, red is for risk zone, green represents no risk zone. Red zones 

where the tree canopy height exceeds a threshold where trees could potentially encroach on 

power lines and green zones points no immediate threat. 

 

 

 

 

 

 

Figure 4.1. Risk analysis based on 1x1m raster. 
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The analysis considered all trees without adjusting for additional variables, including tree 

species; volume; or external factors, such as wind or snow load. Instead, the assessment 

simply measures the distance between the power lines and the tree canopy hight.  

This phase of the risk identification process helps provide an immediate understanding of 

potential threats based on the vegetation's proximity to the power lines, setting a baseline for 

further, more detailed analysis. It serves as an early detection tool for utility operators to plan 

vegetation management actions and prevent incidents of trees falling onto or contacting 

power lines. 

4.1.1  Reference area analysis (Imatra) 

There is a limitation in availability of updated 1x1 CHM raster as shown previously in Figure 

3.3, So, the Imatra region was chosen as a reference because of the high availability of 

updated 2023 1x1 CHM raster as shown in Figure 4.2 and wide corridors along the 

distribution network which can be easily seen further in this thesis. 

 

 

 

 

 

 

 

Figure 4.2. Multiple 1x1meters CHM raster data sets from 2019, 2020 and 2023. 

That updated 1x1 CHM raster provides a significantly improved analysis compared to the 

results from the older raster, as shown in Figure 4.3. By using the updated raster data set the 

height, proximity to distribution lines and potential risk areas can now be assessed with much 

greater accuracy and precision. The inspection of the raster from prior years, however, while 

maintaining a consistent 1x1 meter resolution, was limited by the lack of detail in the newer 

dataset and resulted in overestimates or false positives in risk in such areas. The risk 



33 

 

assessment analysis with updated rasters allows for a more granular approach, giving the 

ability to decrease the number of false positive scores and better target areas of true risk, 

increasing the overall accuracy and efficiency of the risk assessment. 

 

                  

 

 

 

                        a)  Current distribution network.                       

 

 

 

 

 

            b) Old 1x1 CHM raster analysis result.           c) Updated 1x1 CHM raster analysis result.              

Figure 4.3. A detailed comparison of the current distribution network a), between old raster analysis 

b), updated analysis c). 

The main benefit of using the updated 1x1 meter raster data is that it can yield detailed 

information. The 1x1 meter raster used for analysis, so vegetation close to power lines is 

more accurately represented shown in 4.3 c). This precision allows for pinpointing individual 

trees or groups of trees that could become a problem, as opposed to generalizing entire areas. 

The finer detail can help in preventing those high-risk figures in places where vegetation is 

not likely to encroach on the network. This updated data-driven analysis has now led to the 

reclassification of numerous regions that used to be considered high-risk areas that 

contribute to excess vegetation management or intervention. 

The comparison between the old and updated risk plays a key role on understanding that 

how the updated raster data for 1x1 CHM provides a better accuracy in risk assessment for 

analyses. A comparison of these two analyses makes it immediately clear how different areas 

of risk have reclassified, particularly those zones recently dropped from risk to no risk status 
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(or vice versa). This comparison demonstrates the effectiveness of the updated 1x1 meter 

raster data creating more accurate view of the potential threats that vegetation can pose to 

distribution lines. It also allows for more effective allocation of resources and the prevention 

of unnecessary interventions that may have been triggered by an outdated, less accurate data. 

 

 

 

 

 

 

                                                          

 

Figure 4.4. Comparison of risk between old and updated rasters. 

In this updated 1x1 meter rasters-based analysis Figure 4.4, the large amount of areas in no 

risk zone are now apparent. This effect is related to the variation in the year of the updated 

raster data which means there is much more precise assessment of the area surrounding 

distribution network in terms of terrain, vegetation, and trees above the distribution lines. 

This 1x1 meter updated raster enables evaluation of vegetation's height and density close to 

the power lines. This has led to the classifications of regions that threaten the infrastructure 

at no risk and much more accurately than before. As a time series, this resulted in a large 

drop in the number of risk zones marked by these tests, relative to previous applications on 

historical data. The new analysis makes it possible to take a more focused risk-management 

approach because fewer areas are designated as risk zones. In addition, it leaves only the 

ones confirmed posing a real danger to be acted upon, not requiring exhaustive controls, and 

thus wasting resources. 

Conversely, the analysis based on the 1 x 1 meter raster data from despite its previous uptick, 

is more evenly distributed with respect to greater risk areas as noted in figure 4.1. But that 

earlier look probably depended on underlying data that wasn’t as granular or precise as the 

new raster. The older data might not resolve finer differences in vegetation height and 
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canopy structure and thus could overestimate their risk zones. Without the precise details 

offered by the updated data, the older analysis could have marked far more area as risk than 

necessary even where distribution lines faced little actual threat. The risk would have been 

overstated leading to an overestimation of threats and possibly more interventions than 

necessary. This would have resulted in a waste of resources in situations, not threatening the 

infrastructure in real terms, and rather wasted time and money. This side-by-side comparison 

between the updated and old analyses highlights the profound influence that updated raster 

data can have on risk assessments. The data feed which has been trained has helped retrieve 

more appropriate information than its predecessors, which ultimately means better risk 

identification, enabling more strategic, focused, and resource-efficient interventions while 

delivering better risk mitigation strategies. 

Referring to Figure 4.5 that the comparison between updated and old risk analysis shows 

significant changes in risk classification. The notable observations are in the areas which is 

categorized under "-1,"that shows the zones that have been downgraded from risk to no risk 

in the new analysis. This change is made possible by the updated 1x1 meter data, which 

provides classification of areas no more posing of threat to the distribution network. 

 

 

 

 

                                

 

 

Figure 4.5. Comparison between old risk and updated risk analysis. 

The classification based on up-to-date data is important because it helps ensure that resources 

are not wasted on regions that are now considered safe, based on updated data. Most of the 

regions rated inactive under the “0” scale are persistently categorized as no risk in both the 

former analysis and the newer one. If these areas have been safe all along, then the new 

analysis simply confirms this. On the other hand, same old zones that were classified as "1" 
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are still areas of concern, both the old and updated analyses confirm that these remain 

problematic areas. The uniformity of these classifications shows that, while the analysis from 

updated raster data sets improved the risk assessments, there are still cases of site risk that 

need to be addressed, and mitigation efforts taken to prevent them from getting in the way 

of the distribution network. 

4.1.2  Correction for misclassified risk 

In many areas there is only several years old CHM data available, in these the old CHM 

rasters need to be corrected with other more up to date data sources such as the 16x16m 

LUKE dataset so, the incorporation with the average height and average volume variables 

from 16x16 meter rasters that was shown in Figure 3.2. A detailed comparison between the 

analysis from old, updated and the correction in old raster data to match the reference that 

yield from the analysis from the updated 1x1 CHM raster data sets in Figure 4.6. 

 

 

 

 

        a) Current distribution network                     b) Old 1x1 CHM raster analysis result                   

 

 

 

 

 

   c) Updated 1x1 CHM raster analysis result             d) Corrected 1x1 risk tree result 

Figure 4.6. A detailed comparison of the current distribution network a), between old raster analysis 

b), updated analysis c) and analysis with the correction incorporation with average hight and average 

volume of tree from 16x16 meter raster d). 
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As the Figure 4.6 illustrates that there is positive increase of no risk areas from the analysis 

from 1x1 CHM raster as compared to old risk analysis from old 1x1 CHM, but Figures 4.7-

part d shows the correction which is close to the reference analysis (updated 1x1 CHM raster 

analysis) that can easily be seen via stats in Figure 4.7 and by satellites visualization as in 

Figure 4.6. 

The average height of trees to approximate how much threat the vegetation posed which is 

an important parameter when determining how Likewise, average volume gives an 

indication of tree density and how many trees there is in each area and narrows down the 

risk classification even further by putting into context whether the number of trees in the 

region could potentially pose any risk to the infrastructure as shown by the stats in Figure 

4.7.  

 

 

 

 

 

 

 

 

Figure 4.7. Comparison between Corrected risk layer on bases of average height, and mean volume 

with updated 1x1 CHM raster. 

The Figure 4.7 illustrates how the corrected risk analysis result corresponds near the outputs 

of the new analysis based on these updated 1x1 meter raster data. This change is due to the 

fact that when the more precise tree data from average height and average volume were 

added the former higher risk areas in the old analysis were identified as no risk. The result 

shows how effective corrected risk assessments with the average tree height and volume 

proves to be, as the reclassification of the old analysis can better match the outputs of the 

updated 1x1 meter CHM data. The correction process is designed to minimize necessary 
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corrections, cutting down trees that do not pose a real threat to the rate of corrections and to 

allocate their resources more efficiently. 

4.2  Case area analysis 

For region-specific risk analysis in Figure 4.8 for the distribution network, Kajave Oy 

network area located in easter part of Finland had specified as the scope of this thesis. In 

eastern Finland, this network area has more mixed forests and less terrain. Kajave’s 

distribution network frequently passes through forests of interspersed pine and spruce trees 

that may grow at different rates and bear different structural properties. This region is filled 

with tall pine and spruce trees that, because of their size, can pose a significant danger if they 

are too close to distribution network. 

 

 

 

 

 

 

 

 

 

 

Figure 4.8. Study area for analysis in QGIS. 

The region captures specific environmental features and conditions from local vegetation 

and other environmental factors (snow and wind) to power line infrastructure. From in-depth 

analyses that explore trends in various aspects to the way data was prepared for this area, it 

is worth understanding the steps taken leading up to this part of the document before diving 

deep. In creating the model base layer, the environmental variables discussed in previous 

chapters, i.e. average tree height, average tree volume, wind loads, and snow loads were 
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incorporated into this new layer. The raster base layer groundworks for risk analysis through 

raster merge, raster sampling, and fixed key variables from point layers. The base layer has 

spatial data which is required to check where all the risk points are located along the power 

lines. The same base layer was processed by using QGIS tools and the rasters were then 

clipped, the relevant variables were sampled to the corresponding power line mesh cells, and 

finally, outputs were joined so that each feature has all the relevant attributes for risk 

analysis. 

Using average tree height and average volume values as the basis for risk assessment results 

in updated values more representative of actual growth behaviour for Kajave. Moreover, 

historical snow load data can be added to the model so analysis could be made. The analysis 

can help to reduce risks and allows for targeted vegetation management efforts to be 

concentrated on high-priority areas, so the base layer for the Kajave oy network is a valuable 

tool for the algorithm.  

Dataset collected by helicopter aerial inspection from two large scale crown snow load 

outage events in the winters of 2017–2018 was obtained from Kajave network Oy. The 

observation data for Kajave Oy network area was collected by Comtiki Oy with the Flyspect-

system (Comtiki Oy 2024). These data were used as the dependent variable and other open 

data from Table 3.1 used as independent variables. The dataset included automatically 

generated coordinates along the flight path with flight speeds and manually collected 

coordinates of outage and risk observation locations and types and the dataset consists of 

approximately 8 500 observations in total. The risk tree in this context represents trees that 

the flight operator has identified to pose an outage risk. These include trees in close 

proximity to overhead lines whose branches are drooping because of a heavy snow load (or 

the tree is otherwise damaged) and have a high probability of coming into contact with the 

overhead line. These data are expected to be highly accurate since during the inspection the 

focus is solely on recording the outage type and location. The dataset is not currently publicly 

available referring to Table 4.1. 

Table 4.1 observation data from Kajave Oy network (Comtiki Oy (2024). 

Observation data Amount Year 

Risk observations 7 200 2017–2018 

Fault observations 1 300 2017–2018 
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This algorithm provided a foundation for comprehensive and precise risk assessment. The 

base layer provides a clearer view of where vegetation presents risks, enabling a detailed 

accounting of vegetation around the distribution network. While this document will focus 

on the Kajave oy area, the methods used to explore these regions can be scaled and adapted 

for use in the other regions too with same data conditions. By performing this analysis at a 

localized distributing network, it is possible to allocate resources more effectively so that 

vegetation management activities occur in the areas of highest threat to the integrity of the 

distribution network. 

4.2.1  Statistical Analysis 

Referring to Figure 4.9. The company supplied fault data and identifying the relevant factors 

to be considered in the study area through scientific literature and inputting the validated 

fault data from the analysis, the step is to assess the study area on a multiple risk category 

scale. The risk levels can be classified according to the history of events of faults in an area, 

the distance to key facilities such as power distribution network, and environmental 

information such as vegetation density and vegetation height. Performing a spatial density 

analysis of the fault locations by overlaying the datasets on the map then shows where faults 

are more probable. The classification identified where the biggest hazards for power 

distribution lines located and assist with the allocation of resources for vegetation control, 

network maintenance or cropping vegetation or other preventative measures. 

 

 

 

 

 

 

 

 

Figure 4.9. Recorded fault risk locations (Comtiki Oy 2024). 
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Regression analysis or spatial statistical techniques was done to assess the correlation 

between environmental variables and the occurrences of fault. Multiple factors can be 

included in the analysis such as distribution network, vegetation characteristics (tree height, 

canopy coverage, etc), terrain elevation, and weather. By using these factors, one can, for 

example, predict the risk of faults through a regression model. Regions with greater tree 

coverage or mean tree height near the distribution network may be marked as risk areas. 

Apart from environmental conditions, the available observations data as shown in Table 4.2 

provides a historical reference for model validation and calibration. The model can be 

calibrated by matching past faults with risk areas identified in the analysis.  

Table 4.2 Example table of dependent and independent variables for analysis. 

F.id Observation 

(count) 
Age 

(years) 
Mean 

diameter 

(cm) 

Average 

hight 

(dm) 

Birch 

𝒎𝟑

𝒉
 

Spruce 

𝒎𝟑

𝒉
 

Pine 

𝒎𝟑

𝒉
 

Average 

volume 

𝒎𝟑

𝒉
 

Wind 
𝒎

𝒔
 

Snow 

𝒌𝒈

𝒎𝟑
 

Risk-tree 

(Count) 

1 1 47 8 61 23 8 19 52 14.7 23.3 0 

2 2 47 11 87 43 13 22 83 12.8 23.2 0 

3 2 67 17 120 83 15 55 121 12.3 22.9 1 

4  84 17 120 60 24 56 99 11.7 22.8 1 

5 2 98 16 114 58 19 60 94 11.8 22.7 1 

6 4 98 16 124 26 15 60 79 13.6 22.6 1 

7 1 35 16 88 11 22 48 67 12.5 22.5 1 

8 1 40 11 106 12 25 53 81 12.7 22.4 1 

9  53 13 106 24 25 82 98 12.5 22.4 0 

10 1 64 20 152 72 45 102 147 12.3 22.5 1 

 

Such action increases the predictive capacity of the risk assessment, enabling more tailored 

preventative measures to be put into place. Using company-provided fault locations provides 

us with good insight to validate the conclusions drawn from the analysis. The fault locations 

from 1x1 meter raster data can be compared to the real fault data from the company to assess 

the prediction models of each. The model can be validated by comparing the areas that were 

predicted as high risk with the areas where faults have been experienced. On the other hand, 

the major disturbance events that has occurred in areas where the analysis predicted risk will 

point towards weaknesses or deficiencies in the current model.  

This approach allows the risk assessment framework to build upon data in the field, refining 

the model to yield a more accurate risk assessment. Following such an analysis, a risk 

stratification scheme can be established, where the study area is separated into risk zones. 

This kind of classification can be plotted as a map with several risk-area layers such as risk 
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and no risk. Risk zones (either high frequency of faults based on the analysis and company 

data, or presence of environmental factors that present risk e.g. tall trees close to powerlines). 

All the no risk areas would be the areas where vegetation is limited or of very low level and 

very few of the faults have been recorded or no fault at all. Such a classification scheme can 

lead to a refined risk management process that prioritizes resource-challenged areas with a 

greater likelihood of faults. Linking of fault data from the analysis with the actual fault 

location as provided by the company can facilitate a better and more precise risk 

classification. Not only does this validate the analysis, but it is also better to know exactly 

where to invest the resource. By using both datasets, predictive modelling can be the basis 

for proactive management of the distribution network, preventing faults as they are identified 

before they occur and keeping the electrical grid reliable for years to come. This not only 

ensures the collective robustness of the power industry but also avoids redundancy when it 

comes to interruptions. 

4.2.2  Linear regression 

Results of the regression analysis as shown in the linear regression Summary Output Table 

4.3, the Multiple R value is 0.280 indicating weak positive association between independent 

variables and dependent variable. The R Square value 0.078 means that the model explains 

7.8% of the variance in the dependent variable. These indicate that the outcome not well 

explained owing to the independent variables included a low R Square of 0.116. Even so, 

relative to the number of predictors, the model has reasonably consistent predictive power, 

with an Adjusted R Square value of 0.078. In total there were 52 400 observations including 

fault, risk and no risks available for analysis provides robust statistical inference. 

Table 4.3. Linear regression analysis. 

SUMMARY OUTPUT 

Regression Statistics Values 

Multiple R 0.28 

R Square 0.06 

Adjusted R Square 0.066 

Standard Error 0.783 

Observations 52 400 
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Clearly, the model chosen and according to the values that are not appropriate and the results 

of regression analysis, as seen in Table 4.3 prove this assertion. As shown by the Multiple R 

value of 0.287, this indicates a very low positive correlation of the independent variables to 

the dependent variable, so clearly this linear model is not representing what is likely a more 

complicated presence of multi-collinearity in the relationships in the data. Certainly, the 

model only explains 6.6% of the variance of the dependent variable with an R Square value 

of 0.066, which is small for a predictive model. Consequently, there remain a large number 

of other variables impacting the outcomes that are not accounted for in the model. With an 

average Standard Error of 0.7839, it also shows that there is a significant amount of residual 

variance, that is, the predicted values are significantly far away from the results. For these 

reasons linear regression is an underestimate for the given data, and other (non-linear) 

regression methods should be used which correctly account for the interactions and 

complexity of the data. 

4.2.3  Random forest regression 

Dataset for regression model include different variables collected from different sources that 

are all contributing to the assessment of fault risks at the case area including crown snow 

load data from the year 2010, the wind speed data which is a critical component of the 

prediction by evaluating the intensity of faults that occur, gathered from 2015. These 

variables are important to measure environmental stress factor. The complete data such as 

the mean age, mean diameter, and the average height of trees in the study areas along with 

the volume of tree species such as birch (volume), spruce (volume), and pine (volume) from 

2017. Also, offered the total volume of trees in the region. In fault prediction models, these 

vegetation structural and biological features are assessed by the forestry metrics. 

To assess the predictive capability, Mean Decrease in Impurity (MDI) test for the importance 

in random forest regression model in a random forest regression method was performed as 

shown in a Figure 4.10. In this test, the importance of each variable was determined by 

measuring how much involvement of variables reduces the prediction error of the model. As 

shown in the feature importance plot, these analysis results indicate that physical factors 

crown snow load data repeated the total volume of trees and wind speed on predicting fault 

risk in the area. 
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Figure 4.10. Mean decrease impurity test (MDI). 

After the feature importance, Figure 4.11 shows the relationship between the actual and 

predicted faults, providing a validation of how well the model can approximate the fault 

data. The model is consistent with fewer faults in this plot, but there are dissimilarities in 

higher faults which confirms that fault prediction in such complex circumstances is a 

challenging task. 

 

 

 

 

 

 

 

 

Figure 4.11. Actual vs predicted values. 

Whereas Figure 4.12 shows the results of the cross-validation means hyperparameter tuning 

is clearly important for model performance. This analysis serves to maximize the predictive  
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Figure 4.12. Actual vs predicted value. 

power of the model as far as possible while balancing complexity by examining the mean 

test R-squared values obtained with different models in the process of model configuration, 

rendering it adaptable to the case area. 

Immediately after, the optimized Random Forest Regression model was implemented to 

quantify its predictive power referring to the Table 4.4, the model captures about 24% of the 

variance in observed faults (R-squared R² = 0.24). The Multiple R (the correlation between 

multiple regression variables) was 0.49. This value calculated to be 0.49 and reflects the 

independent and dependent variables. The Mean Absolute Error (MAE) is 0.33 means the 

model fault count prediction deviate only around 0.33 from the actual fault counts on 

average. The Mean Squared Error (MSE) of 0.47 and Root Mean Squared Error (RMSE) of 

0.69, shows highlights the dispersion of errors RMSE, which is easier to interpret its value 

is on the same scale as the dependent variable. Less than further few error values tell us that 

the model general trends very well but there is still room for improvement. Finding the 

optimal set of hyperparameters using a Grid Search, which resulted in the following optimal 

parameters: Maximum tree depth = 10; Minimum samples per leaf = 2; Minimum samples 

for split = 5 and Number Decision Trees (Estimators) = 100. 

This set of parameters balances the conflict between complexity of model and overfitting to 

yield a model that provides accurate yet generalized predictions. This extensive regression 

analysis highlights the applicability of the Random Forest Regression for modelling fault 

risks while revealing possible directions for improvement in future work 
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Table 4.4. Random forest regression model results and parameters. 

Summary Output Values 

Multiple R 0.49 

R-Squared 0.24 

Mean absolute error 0.33 

Mean squared error 0.47 

Root mean squared error 0.69 

max depth 10 

min samples leaf 2 

min samples split 5 

n estimators 100 

 

4.3  Case area fault risk 

Electricity distribution networks are subject to external environments and faults that affect 

the security and efficiency of electricity networks. In this study, the fault data are taken into 

account that were recorded in 2017 and 2018 to investigate the impact of wind, snow and 

vegetation on the transmission network with random forest regression model. Such historical 

data forms the basis, which enables fault identification as well as a spatial risk domain. 

 

 

 

 

 

 

 

 

Figure 4.13 Heat map from the fault observation recorded in year 2017-2018 (Comtiki Oy 2024). 
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Along with this, machine learning techniques (random forest regression) have been 

performed to develop predictive models to approximate faults according to environmental 

and network features. It is this predictive nature that facilitates comparison between observed 

faults and predicted fault-prone regions, allowing for insights into proactive maintenance 

and risk management for transmission systems. 

Referring to Figure 4.13 the dataset consists of past occurrences of the different fault types 

at each of the fault locations which happened during the years 2017–2018, providing a 

detailed perspective of the historical faults on the electricity distribution network. These 

observations are captured in terms of the spatial distribution of faults driven by different 

environmental factors such as tree elevation, average height, age, species, crown snow load, 

and wind speed. These data form a significant input to the relations of patterns and causes 

of fault, which might be activated by the dynamic behaviour of the network and its 

environment. Tree density and growth cause faults via direct contact with power lines, while 

snow load and wind speed aggravate mechanical stress on network components, raising the 

risk of failures. Implementation of the random forest regression model, the dataset to learn 

relationships between environmental variables and fault occurrences. These recorded 

observations serve as a training and validation reference, further training the algorithm to 

more accurately pinpoint fault-ridden sections. By incorporating these environmental factors 

into predictive analytics, the algorithm can meet its goal of detecting possible fault sites with 

greater precision, which in turn, contributes to designing more specific and effective 

maintenance solutions for the electricity transmission network. 

 

 

 

 

 

 

 

 

 

Figure 4.14 Heat map from the predictive points from random forest regression model. 
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In Figure 4.14 the extracted fault-prone areas using the random forest regression model. The 

model integrates with historical fault data including environmental variables like tree 

density, snow load, and wind condition to highlight areas which are likely to experience 

faults. The model predicts the spatial probability of risk areas by analysing the patterns and 

interactions between these variables and effectively identifying regions that need preventive 

maintenance. Such predictions are critical for fault evolution based on the understanding of 

how environmental stressors shape faults, as well as for the allocation of resources to 

examine high-risk locales. This fault distribution allows utility operators to prioritize their 

examination of areas that would best reduce risks, enhance network reliability and minimize 

unplanned outages. This measure of predictiveness shows a practical application of machine 

learning to a real-world problem, how we can transform the data we produce every day into 

strategies that keep our power distribution network whole. 

The outputs produced from the random forest regression provide a significant advantage in 

pinpointing fault regions within distribution networks. The model combines historical fault 

information with environmental factors such as wind speed, snow load, and vegetation data, 

creating a solid base for future fault predictions. Predicting faults through weather will 

mitigate the uncertainty that comes with network operations and allow for increased targeted 

interventions to reduce the number of outages and increase the reliability of the network. 

Not only does this predictive capability enable us to avoid faults thus saving operational 

costs, but it also improves system stability and reduces the risk of system-wide failures. 

Indeed, the spatial distributions of risk captured in the outputs of the random forest 

regression model closely mirror the distributions observed with historical data, both 

indicating the ability of the algorithm to effectively encapsulate the complex relationships 

between numerous other environmental factors and fault occurrence. The good fit of 

predicted and observed data confirms the value of the model in providing an accurate guide 

to incumbent but high-risk areas. Random forest regression considers nonlinear relationships 

and interactions between variables, which makes it more powerful than traditional statistical 

models in quantifying the risk of fault. These outputs are successful in that the algorithm has 

used decision trees to identify patterns and trends in the recurrence of unexpected behaviour 

that would not otherwise be obvious in the raw data, thus allowing a comprehensive risk 

analysis. The ability to model such complex dependencies improves the robustness of the 
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outcomes and increases confidence in the application of the model for predictive 

maintenance. 

The predicted outputs of the random forest regression model compared to the recorded 

observations showcased a great initial consistency providing evidence that the model can 

generalize well to unseen data. The model has demonstrated its predictive power as well in 

the evaluation metrics like R-squared values and error rates. The high agreement of predicted 

with observed fault locations indicates good spatial performance of the model, reflecting the 

successful approximation of the underlying risk factors. Such consistency between real-

world datasets and simulated data confirms the robustness of the model along with its 

potential for application for true use cases. With this predictive analysis, there is probability 

for utility companies to create data-oriented maintenance plans and be prepared for any 

potential risk, eventually leading to a more reliable and resilient electrical distribution 

network. 

4.3.1  Comparative analysis of predicted and observed fault data 

As for the detailed comparison of the heat maps in Figure 4.15, there is a high overlap of 

risk areas, especially in the red zones on the northern side of the area. The similarity between 

the observation points and the regions of predicted points to be likely to occur same that 

suggests that the random forest regression model finds patterns which could drive faults 

occurring. 

 

            

 

 

 

               a) Observation points heat map                       b) Prediction points from the heat map  

Figure 4.15 Detailed comparison from the predictive points and observation points from random 

forest regression model. 
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The validation of the algorithm quality and prediction ability is confirmed by the closeness 

of predicted risk to observed points. Such uniformity emphasizes the utility of the model in 

predicting high-risk areas and in the formulation of mitigation strategies to prevent failures 

4.3.2  Data refinement for improving predictive accuracy 

These observed and predicted fault risk data were analysed, and the results demonstrate that 

the predictive algorithm is performing quite well at identifying localized areas of risk. The 

model predicts lots of the risk regions accurately, which is showing that the model 

generalizes the patterns from the data well. But some of the numbers in specific places reveal 

room for improvement. Referring to Figure 4.16 yellow area zone that have potential risks 

indicated in the data that able to observe but the algorithm fails to make accurate prediction 

in Figure 4.16 b).  

    

            

 

 

          a) Observation points heat map                    b) Prediction points from the heat map 

Figure 4.16 Areas of over prediction and under prediction. 

On the contrary, the areas highlighted in blue are cases of overprediction, where the model 

has detected risk in areas where there are few or no actual faults. These irregularities imply 

that the formulation may occasionally overfit some tendencies in the information or even 

reaction noise in the input data. It must be noted that these fluctuations are not necessarily a 

failure of the model but rather an indication of the high level of complexity and variance 

inherent in fault data. This result indicates that further performance improvement can be 

retained to decrease these errors while the model still performs efficiently in risk prediction 

with continued optimization. 
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4.4  Discussion on the future use of this analysis 

This effective classification method can make the risk management strategies more efficient 

since this approach identifies the most probable areas where failures can occur and within 

the boundaries of the critical resources available, allowing for a more cost-effective 

distribution of maintenance and preventative actions. Incorporation of fault data along with 

accurate fault locations provided by the company helps in getting more finer and reliable 

risk assessment. This matching based on map coordinates effectively confirms the predictive 

ability of the analysis to inform strategic investments in areas of risk. With the addition of 

fault recurrence patterns, environmental parameters and the proximity of critical 

infrastructure, zones can be created to inform which regions can be intervened on, 

minimizing the potential threat to disruptions to the electrical grid. 

Using a combination of historical and environmental datasets, predictive modeling can be 

performed to identify and manage distribution network that may be prone to faults early, 

before disruption occurs. Such a predictive approach helps to increase security of the 

electrical grid. This data-based approach not only safeguards the strength of the power 

distribution network but also directs the allocation of resources towards long-term reliability 

objectives. 
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5  Discussion 

As discussed in the above analysis, environmental factors, vegetation and meteorological 

factors are some of the most influential variables in fault risk estimation for overhead lines. 

Results highlight that using higher-resolution data could improve risk prediction and targeted 

prevention strategies. 

The role of vegetation more specifically, tree height and canopy volume, in causing power 

outages is one of the most pivotal parts of this research. In areas with dense vegetation, trees 

that grow higher than distribution lines pose a serious threat. On top of this, seasonal 

fluctuations in growth mean that places that would have previously been considered safe 

quickly become risk spots, high-risk locations if not checked in circulations. The vegetation-

power-line relationship clearly illustrates the fact that we need to be continuously updating 

data since vegetation dynamics are indeed not static. The analysis also shows how datasets 

can serve both as under and overestimate of risk. If older datasets are used, where vegetation 

changes have not been considered, then effective risk identification may not occur due to 

trees being trimmed or grown within certain areas. In contrast, recent high-resolution data 

sheds open on vegetation actual threats, making it easier to understand full threat scales. That 

shift from older, large-scale raster data to the more recent 1x1 meter resolution data is largely 

responsible for the increased precision of the fault risk assessment, which has shown both 

decreased false positives and increased identification of truly high-risk areas. 

Wind speed data and crown snow load data were also integrated into the model and are 

critical for comprehending the wide range of risks. When coupled with heavy snow loads on 

trees, wind also raises the likelihood of trees falling on power lines, as the snow makes 

branches heavier. Combine that with the coupled environmental aspects of vegetation and 

meteorological conditions when modelling fault risk and this underlines the crucial role of 

consistent, timely data in fault risk estimation. The results suggest that environmental 

datasets should be updated more frequently than the current standard practice to remain 

representative of actual power line conditions and thus reduce the likelihood of outages from 

environmental factors. Furthermore, an integrated approach, one that incorporates vegetation 

development in the context of environmental influences (e.g., wind, snow) is necessary to 

create models that provide a more reliable foundation for predictive models. 
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5.1  Vegetation growth rate over the year 

Understanding of vegetation growth over time is fundamental to evaluating the risk 

associated with overhead electricity distribution networks. Tree height, density, and the 

volume of trees increase with growth, and this can dominate the probability of faulting. 

Different trees have different dynamics of growth that are driven by the climate and geology 

of the region, where the soil quality and seasonal variance can also heavily impact growth. 

As trees grow towards the power line safety thresholds called clearances, they present a 

growing risk as is the case in the present study where vegetation growth is the risk. This 

highlights the need for ongoing surveillance, as well as periodic updating of vegetation data 

in fault risk assessment. 

Model analysis shows that vegetation variables, such as canopy height and tree volume, are 

dominant in detecting high-risk areas. The study creates a framework for monitoring changes 

in vegetation through time by combining historical growth data with high-resolution 

geospatial datasets. While it focuses on the risk posed by mature trees at that specific point 

in time, it additionally shows anticipated trends in risk in the future, opening the door for 

predictive maintenance planning. That is, the trees species common in the region of the 

research, like spruce and pine trees, have growth patterns that make them especially prone 

to damage from snow or wind. These tree traits are associated with the risk for faults, in that 

branch breakage or tree failure can occur in extremes of weather. 

The findings help utility companies identify areas of concern for more proactive and directed 

treatment, taking into account real-time rates of grow and correlation would give information 

on how these rates affect the reliability of the power network. Managing vegetation well is 

grounded on sound and informed vegetation monitoring, as this allows for the effective 

allocation of resources in trimming trees and mitigating risk. The data-driven solution would 

not just make the distribution network safe; it also would help optimizes maintenance 

strategy and reduces costs. In summary, vegetation growth year to year would offers valuable 

information to support risk modelling and maintenance planning for electricity distribution 

networks. 
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5.2  Effect of old and new data on analysis 

Updated datasets are critical to increasing accuracy of fault risk assessments in electricity 

distribution networks. Such extrapolation can overestimate or misclassify high-risk areas, 

causing suboptimal resource allocation and needless interventions. On the other hand, new 

datasets offer better and more accurate representations of risk factors, allowing for better 

analysis but on other side old datasets can be used to estimate events in history. 

This improved identification of potential risk of tree falls where the inclusion of the updated 

data leads to a higher accuracy in the risk assessment. Such datasets are used to minimize 

false positives, allowing us to focus on predictive maintenance where and when resources 

can best be deployed. The analysis also adapts to the changing environmental variables, 

incorporating new information such as updated wind speed and snow load, so that risk 

modelling is reflective of the current status quo in the study area. 

Fine-tuning and using updated data into predictive modelling are something that has made 

an enormous difference lately. By incorporating better input data, the performance of the 

risk estimation model is improved, allowing for non-linear interactions between 

environmental factors and fault occurrence to be captured. So, this means that utility 

companies can depend on reliable forecasts to drive their maintenance activities. 

Furthermore, the study further emphasizes the scalability of this approach, showing that it 

can be used in different parts of the world and different environmental conditions. This 

comparison of historical with new datasets reinforces the vital role of timely, accurate data 

in delivering workable, sustainable risk management solutions for electricity distribution 

networks. 
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6  Conclusion 

This thesis proposed a systematic methodology for assessment of fault risk in electricity 

distribution networks with potential applications in enhancing the ability of network owners 

to manage faults and improving maintenance planning. The study combines tree height, 

snow load, wind speed and tree related data into a single geospatial framework to pinpoint 

risk areas in better resolution. These raster datasets with advanced statical methods shows 

the comprehensive output which could be helpful for utilities in the future. 

The approach incorporates the machine learning methods specifically Random Forest 

regression to learn non-linear relationships amongst environmental factors and fault events. 

It allows the model to effectively forecast fault risks with high reliability. The use of updated 

datasets improves the granularity of the analysis, decrease the individual false positives, and 

correlate predictions with the observed locations of faults more accurately. These results 

highlight the flexibility and resilience of the model and its ability to meet several different 

combinations of environmental and infrastructural contexts. 

This study represents an improvement for fault risk estimation through the integration of 

geospatial techniques and machine learning. These findings reflect the need for high-quality 

data and robust methodology in order to obtain meaningful estimates of risk. The model 

provides utility companies with detailed risk maps, allowing more targeted maintenance 

actions while minimizing unnecessary disruptions and making the best possible use of 

resources. The open data driven approach provides a cost-effective and scalable, climate-

related resilience solution for electricity distribution networks that can be applied where data 

condition will be similar. Consequently, this research narrows the fundamental theoretical 

progress, supported by dense and diverse data sampling, and the practical implementation 

gap, tackling more intelligent infrastructure management. 
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Appendix 1. Distance from tree to line centre calculations. 

𝑳𝒊𝒏𝒆𝒉𝒆𝒊𝒈𝒉𝒕: The height of the power line above the ground is given as eight meters. 

𝒉𝒄𝒂𝒏𝒐𝒑𝒚 𝒉𝒆𝒊𝒈𝒉𝒕: Ten meters. 

Hypotenuse Calculation = d =: Using the Pythagorean theorem: 

         𝑙𝑒𝑛𝑔ℎ𝑡 =(total distance from tree to line centre) – (line width)                       (3.4) 

          𝑙𝑒𝑛𝑔ℎ𝑡 = (15m) – (1.25m) 

                      = 13.75m 

𝑑 =  √(𝑙𝑒𝑛𝑔ℎ𝑡)2 +  (𝑙𝑖𝑛𝑒 ℎ𝑖𝑔ℎ𝑡)2  

𝑑 =  √(13.752 + 82)  

                                                                𝑑 =  15.9 𝑚eters 

Since the tree height is less than the hypotenuse, the tree does not pose a risk to the power 

line. 

 

 

 

 

 

 

 

 

 

 

 


