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Abstract 
 
Landslides, characterized by the sudden and often rapid movement of rock, soil, debris, or a combination of these materials down a slope or inclined surface, present a considerable danger to humans, animals and the environment. Their potential to cause widespread destruction and loss of life underscores the urgency of visually analyzing their distribution patterns, particularly in regions like Malaysia. To effectively manage and control landslip occurrences, this study proposes the establishment of a landslide monitoring system in high-risk areas, utilizing computer-generated models to evaluate geographical distribution patterns. This approach is vital for competent landslides management. The core objective of this research is to evaluate the spatial arrangement of the distribution pattern, discerning whether it manifests clustering or dispersion. The investigation focuses on 43 recorded landslide incidents spanning 12 years across Penang Island. The spatial mean center of landslip episodes assumes a central role in spatial pattern analysis. The findings reveal a clustered pattern in the study area, evident through an average nearest neighbor (ANN) ratio of less than 1, accompanied by a z-score of -2.196005. The nearest neighbor ratio stands at 0.82. Furthermore, the mean center for landslide incidents on Penang Island is situated at coordinates 100.272704 (longitude) and 5.389421 (latitude). Subsequently, nine landslide conditioning factors, identified through prior studies, were selected. These factors are employed to distribute landslide incidents on parameter layer maps, aiding in pinpointing high occurrence areas based on each parameter. Future studies should adopt a comprehensive perspective and attain a profound understanding of specific slope conditions in Penang Island, enabling the effective implementation of mitigation measures that align with the objectives of Sustainable Development Goals (SDG13 – Climate Action). This goal emphasizes the importance of fostering resilience and reducing disaster risks. 
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Introduction  

Due to the increasing frequency and severity of occurrences in the likes of landslides, especially in Penang Island, their study has become quite significant these days. These events are often mediated by climatic changes and human activities. In Malaysia, heavy rainfall, particularly during monsoon seasons, is a frequent landslide causative factor, warranting the need for more refined and predictive tools for the management and mitigation of hazards. GIS tools have come up as eminent instruments for landslide analysis, as these enable collection, storage, management and spatial analysis of remote sensing data for landslide occurrence pattern. Yet, as per ongoing research, one of the biggest challenges encountered while implementing GIS in landslide studies in Penang is the ability to define spatial distribution patterns in which landslides occur and identify risk areas. Combining machine learning with GIS has been shown to increase the predictive ability of landslide susceptibility models in Penang, bringing this subject to several recent contexts that include the application of ensemble classifiers and algorithms (Shirzadi et al., 2018; Wang et al., 2019; Chen et al., 2019). 
One of the main challenges for GIS-based landslide studies in Penang is the inability to predict exact locations of occurrence. Landslide occurrence depends on natural as well as anthropogenic factors, including slope steepness, the type of soil, vegetation cover, land use changes and rainfall intensity. In Penang, human-induced modifications to slopes compound the problem by making it difficult to predict areas likely to experience landslide risk, especially in already urbanized hilly and mountainous regions. Even though the GIS tools represent some use for spatial information, integrating assessments from these factors poses an interpretation rather than representation challenge. This spatial variability of slope conditions against the backdrop of extreme weather patterns creates a difficulty once again of knowing how one can find at-risk zones without complicated models that can take into account this kind of dynamism. Recent studies have indicated the potential of machine learning approaches, such as random forests and support vector machines, in analyzing such complex interactions so that landslide susceptibility assessments can be improved in their accuracy (Wang et al., 2019; Zheng, 2023; Kuradusenge et al., 2020). 
In addition, a very important issue concerns the use of specific GIS measures, such as the Average Nearest Neighbor (ANN) method, often employed to analyze spatial patterns of landslides. The ANN approach in QGIS determines the spatial arrangement of a set of events such as landslides-whether it is random, aggregated, or dispersed in distribution. Though this method provides valuable information on landslide spatial distribution, several challenges prohibit its application on Penang Island. One of the primary problems is that some high-resolution time-series data on landslides are required for optimal application of the ANN technique. The absence of complete historical landslide data in Penang makes it difficult to recreate patterns of spatial and temporal reliance and may produce over- or underestimates on clustering tendencies. Studies emphasize that machine learning models in conjunction with GIS can make use of existing datasets more efficiently to offset data deficiency (Elmahdy et al., 2014; Adnan et al., 2020). 
Furthermore, ANN suffers from the problem of ignoring the effects of external conditioning factors, namely, rainfall, land-use change and soil stability, which greatly govern landslide occurrence. While ANN determines the spatial interrelation of landslide incidences, it does not address the environmental triggering factors that lead to their occurrence. In Penang Island, where diverse environmental factors play a significant role in the occurrence of landslides, an analysis solely based on ANN may not provide relevant insights about the risks involved. Thus, methods such as logistic regression or machine learning might have served well as supplementary tools to ANN analyses to include certain conditioning factors and ultimately improve the prediction accuracy of landslide risk assessments. Recent development in machine learning is promising in furthering the predictive reaches of landslide models through adding variables to ameliorate data-driven methods (Chen et al., 2017; Nocentini et al., 2023; Pham et al., 2016). 
On the whole, the study's aims in adopting GIS-based analyses on landslide patterns existing on Penang Island arise from the intricate environmental variables resulting in landslide risk, the weaknesses in the ANN method of segregating spatial relationships while overlooking conditioning variables such as topology, rainfall, geology and soil type and the apparent lack of extensive landslides' records. Troubles with these issues will be dealt with through meticulous spatial analyses using the ANN method supplemented with conditioning factor analyses in QGIS so as to give a real picture of landslide patterns on Penang Island. This approach is aimed at improving this region's readiness for landslides and setting a direction for effective mitigation measures. Regional integration of machine learning techniques with GIS is important in upgrading the accuracy and reliability of the susceptibility assessment of landslides (Stanley et al., 2021, Luo et al., 2019, Chen et al., 2023).
The rest of this paper is organized as follows: the Literature Review section shall study the influential works on landslide occurrences, some regarding Southeast Asia and Malaysia, and some on the application of GIS tools in landslide risk assessment; Methodology will explicate the procedures for the analysis of spatial patterns of the landslides of Penang Island, which are concerned with the stages of data collection, GIS application and the ANN method. Results will feature the findings of the spatial analysis, presenting the trends and patterns, on how the landslides are distributed; the Discussion will juxtapose the results with some related research and discuss the implications of them in landslide risk management and mitigation programs. Conclusion will enumerate the significant findings and suggest directions for future works, while emphasizing adopting sustainable disaster risk reduction strategies that are in line with global development goals.


Literature review 

Landslides are components of soil or rock masses that are propelled directly by gravity. They can range from individual pebbles sliding down a slope to entire mountainsides caving in (Beyene et al., 2023).  According to WHO (2023), landslides are more common than any other geological occurrence and can happen anywhere around the world. They occur when massive amounts of dirt, rocks, or debris slide down a slope due to natural events or human activities. Mudslides and debris flows are examples of fast-moving landslides.
Between the years 1998 and 2017, an estimated 4.8 million people were affected by landslides and more than 18,000 lost their lives. It is anticipated that climate change and rising temperatures will lead to an increase in landslides, particularly in mountainous regions with snow and ice. As permafrost dissolves, stony terrain can become increasingly unstable, raising the likelihood of landslides (WHO, 2023). Furthermore, since 2010, approximately 8,935 landslide incidents have been recorded globally. Up until 2019, over 1,120 of these landslides have occurred in Southeast Asia (Majid et al., 2022). 
Numerous natural disasters, including floods, earthquakes, landslides and heatwaves, occur annually in Southeast Asia, rendering it one of the world's most disaster-prone regions (He et al., 2021; Bandibas & Takarada, 2019; An et al., 2020). The Southeast Asian region is characterized by its mountainous terrain, distinguishing it from other geographical categories. Moreover, the most significant geological hazard in Southeast Asia is landslides, which can have catastrophic impacts on both lives and property (Hidayat et al., 2019; Aditian et al., 2018).  This is due to the fact that 80% of Southeast Asia comprises mountains and hilly areas, and the region frequently experiences high temperatures and abundant rainfall. Consequently, landslides in Southeast Asia are often triggered by heavy rainfall and seismic activity (He et al., 2021).
Malaysia, a Southeast Asian country, frequently experiences landslides that are often triggered by prolonged heavy downpours. This susceptibility is due to Malaysia's substantial annual rainfall of approximately 3000 mm, largely attributed to its monsoonal seasons. This indicates that the nation is particularly prone to landslides, especially in mountainous and sloping areas (Muaz Abu Mansor Maturidi et al., 2020).  According to a paper titled "National Slope Master Plan (2009-2023)," the earliest recorded landslide in Malaysia occurred in December 1919, resulting in the tragic loss of 12 lives. Another notable incident took place in the Ringlet Cameron Highlands in 1961. A total of 49 significant landslides have been documented, with 88% of them being attributed to human-induced slope alterations (Kazmi et al., 2016).
Selangor holds the unfortunate record for the highest number of landslide events in Malaysia, tallying at 55 as of December 2021, followed by Pahang with 42 (Murthy et al., 2023; Jason Loh & Amanda Yeo, 2022). Among the tragic incidents in Malaysian history, the collapse of Highland Towers in 1993 remains a heart-wrenching tragedy that struck Kuala Lumpur. This catastrophe claimed the lives of 48 innocent individuals. Adding to the grim list, the Batang Kali landslide in the preceding year, on December 16, 2022, stands as the deadliest landslide, claiming 31 lives, including 13 children (Fuad Nizam, 2023).  Another notable occurrence transpired on November 28, 1998, in Paya Terubong, Penang, where a landslide buried and severely damaged 16 vehicles (Chigira et al., 2011). 
The availability of easily accessible Geographical Information System (GIS) platforms in today's world has significantly contributed to the extensive utilization of precise landslip forecasting on a regional scale (Majid et al., 2022; Song et al., 2020). Furthermore, utilizing a GIS application can significantly improve the management of geographical data and provide enhanced processing capabilities (Saha et al., 2022; Merghadi et al., 2020). Numerous studies focused on assessing landslide risk through GIS have been conducted, employing various analytical methods. The Geographic Information System (GIS) provides both information and tools necessary for comprehending the behavior of slope materials, forecasting landslide risks, monitoring and mitigating this geohazard and more (Majid et al., 2022; Simon et al., 2017; Psomiadis et al., 2020).  
Majid et al. (2022), employed GIS software, specifically Quantum GIS (QGIS), to analyze the spatial landslide patterns of Kuala Lumpur. They conducted an analysis and generated a spatial landslide pattern map for Kuala Lumpur using the Average Nearest Neighbor (ANN) method. Additionally, the researchers calculated the mean center to identify the average coordinates of the distribution of landslide incidents. Their findings revealed that the spatial landslide pattern in Kuala Lumpur exhibited a clustered arrangement, as evidenced by an ANN ratio below 1. The mean center was situated in the central area of Kuala Lumpur, precisely at coordinates 101.692018 (x-coordinate) and 3.135268 (y-coordinate) (Majid et al., 2022).  
Then, Lin et al. (2010), conducted an analysis of the spatial pattern of landslides in Chenyulan, Taiwan, utilizing landscape metrics. They also employed logistic regression to determine the frequency of landslide occurrences. The results of the spatial pattern analysis revealed a correlation between the spatial landslide patterns and the quantity of landslides. For instance, the mean sizes of landslips in the 10 persistent low-occurrence landslides were greater compared to those of other landslides in the study area. Notably, in low-occurrence and persistent landslides, the overall patch shapes exhibited uneven characteristics, whereas the edge boundaries of recent landslides were extensive.


Method and study area 

This study aims to analyze the spatial patterns of landslide incidents on Penang Island using QGIS. The spatial pattern of landslides will be assessed using the ANN method within QGIS. A total of 43 landslide incidents, collected from the updated Global Landslide Catalog NASA and from a previous study, are distributed across Penang Island. It is bordered by Kedah to the north and east, Perak to the south and the Malacca Strait to the west. Penang consists of the main island of Penang and a coastal strip on the mainland known as Province Wellesley (Huqqani et al., 2019). The island has a total size of around 300 km2 (Yahaya et al., 2019). The island experiences a year-round tropical climate, characterized by consistent heat and humidity. The average annual temperature varies from 27 to 30 °C and the average annual relative humidity ranges from 70 to 90%. Additionally, the average annual rainfall totals between 267 and 624 cm (Akomolafe & Rosazlina, 2022). The Northeast monsoon season, the Southwest monsoon season, and the surrounding sea and wind systems all have an impact on Penang's climatic system (Tew et al., 2019).
As per the Department of Statistics Malaysia, Penang's economy is experiencing rapid growth. The region boasts a low unemployment rate and a high per capita income as a result. In 2016, Penang had the second-highest GDP per capita, following Kuala Lumpur (Tew et al., 2019; Ong & Tan, 2017) . Furthermore, the presence of the First Penang Bridge and the Georgetown-Seberang Perai Ferry service has spurred development in the northern neighboring area of Penang, while the Second Penang Bridge has done the same for the southern neighboring area. These robust road networks have significantly facilitated the movement of people between the mainland and the island. Conversely, the North-South Highway and the Butterworth-Kulim Highway linking Penang with neighboring regions in Kedah and Perak have enticed individuals to settle in these nearby areas while commuting to work daily. As the demand for housing and public infrastructure continues to grow, the development in these neighboring regions is poised to escalate rapidly (Samat & Mahamud, 2019).  The rising demand for housing areas has resulted in construction on hillsides, subsequently contributing to an increase in landslide occurrences. (Zulkafli, Abd Majid et al., 2023b). Figure 1 refers to the selected study area, which refers to Penang Island. 
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Figure 1. Study area, Penang Island

Data acquisition

The creation of landslide inventory maps is a fundamental element in various landslide research, as it holds a crucial role in understanding past occurrences and identifying their causes. Additionally, these maps are valuable for predicting areas susceptible to future landslides. (Zulkafli et al., 2023). Furthermore, these maps are also beneficial in identifying landslide patterns. As a result, a comprehensive landslide inventory map was generated, encompassing 43 landslide sites derived from the amalgamation of prior research findings and data from the Global Landslide Catalog (NASA). Landslide inventory maps were crafted to discern the landslide patterns present on Penang Island. The Average Nearest Neighbor (ANN) method was employed for identifying these patterns. Additionally, nine distinct landslide factors were chosen in accordance with earlier studies conducted on the island's terrain. These attributes were selected based on the examination of past landslide occurrences and their potential to contribute to the instability of slopes within the area (Ab Rahman et al., 2020). In addition, there are no specific guidelines for selecting characteristics of landslides (Zulkafli et al., 2023; Zhang et al., 2022).  These factors include slope angle, slope aspect, distance to roads, distance to rivers, rainfall, land use, lithology, soil series and curvature.
Average Nearest Neighbor (ANN)

The ANN tool calculates the separation between the centroid locations of individual features and their nearest neighbors. These distances to the closest neighbors are then averaged. When analyzing the distribution of characteristics, if the calculated average distance is smaller than the average for an imaginary random distribution, the pattern is considered clustered. Conversely, if the average distance is greater, the characteristics are considered distributed. Furthermore, following the theory presented by Environmental Systems Research Institute (ESRI), a pattern is deemed clustered if the index (nearest neighbor ratio) is less than 1. Conversely, if the index surpasses 1, the prevailing trend is moving away from the central tendency (Majid et al., 2022; ESRI, 2023). 
Spatial pattern analysis using the ANN method involves measuring the average distance from each point within the study area to its nearest point. This approach is used to characterize spatial distribution patterns. The real average distance is then compared to the anticipated average distance. This comparison generates an ANN ratio, which is essentially the ratio of observed to predicted values. If the ratio is less than 1, we can infer that the data exhibits a clustered pattern. Conversely, if the ratio exceeds 1, we can deduce that the data showcases a dispersed pattern (Majid et al., 2022; Choy et al., 2011). In this study, the ANN method was employed to analyze the spatial distribution pattern of landslides on Penang Island. The analysis using the ANN method was conducted within Quantum GIS (QGIS) through the process: Arctoolbox > Analyzing Patterns > Average Nearest Neighbor. Additionally, a spatial mean center, a statistical analysis tool, was calculated to explore the average x and y coordinates of all features within the research area. This method proves useful for comparing distribution properties and detecting any alterations in distribution. The spatial mean center coordinates were also computed using QGIS, specifically through the path: Geometry Tools > Centroids. 
The ANN approach, when used in conjunction with QGIS, is the optimal selection for performing landslide pattern analysis owing to its amalgamation of straightforwardness, accuracy, and incorporation inside a resilient GIS framework (Titti et al., 2022). ANN offers a precise and quantitative assessment of spatial patterns, determining whether landslides are clustered, random, or distributed with statistical significance. This is essential for comprehending landslide behaviour and assessing hazards. QGIS improves this capacity by providing a user-friendly interface, a wide range of plugins, and smooth integration of spatial analytic tools, enabling thorough analysis from data preparation to visualisation (Titti et al., 2022). Compared to other intricate techniques or tools that may need specialised expertise or lack comprehensive assistance, using ANN with QGIS is easily accessible, adaptable to many sizes and extensively supported by a big community. Consequently, it is the most efficient and dependable choice for analysing landslide patterns.

Landslide conditioning factors

The present study collected data on various factors affecting landslide occurrences from multiple sources, as outlined in Table 1. As previously discussed, the locations of landslide incidents spanning a period of 12 years were sourced from the Global Landslide Catalog as well as earlier studies. QGIS was utilized to produce layered maps representing the nine influencing factors for landslides. To ensure consistency, all map layers in this study were projected using the Kertau Malaysian Rectified Skewed Orthomorphic (MRSO) coordinate system. The maps depicting soil series, lithology and rainfall were created by digitizing data from Zulkafli et al. (2023).  Slope angle, slope aspect and curvature were obtained from a Digital Elevation Model (DEM) with a spatial resolution of 12.5m. Additionally, the land use map was sourced from the Department of Agriculture Malaysia, while the road network and river network data were obtained from Department of Survey and Mapping Malaysia (DSMM).

Table 1. Main data sources for landslide conditioning factors and ANN

	Data
	Source

	Landslides
	Previous Study, Global Landslide Catalog (NASA)

	Soil series
	Zulkafli, Abd Majid et al. (2023)

	Lithology
	Zulkafli, Abd Majid et al. (2023)

	Land use
	Department of Agriculture Malaysia

	Road network
	Department of Survey and Mapping Malaysia (DSMM)

	River network
	Department of Survey and Mapping Malaysia (DSMM)

	Rainfall
	Zulkafli, Abd Majid et al. (2023)

	DEM
	ASF Data Search Vertex (NASA)



 
Results and discussion  

In this study, a total of 43 landslide incidents were identified and spread across Penang Island. The landslide inventory map was generated for the island area, encompassing these 43 landslide locations. These incidents were sourced from prior studies and the Global Landslide Catalog (NASA). It's worth noting that certain landslide incidents were situated in close proximity, leading to potential overlap and symbol concealment. Furthermore, the locations of these 43 landslide incidents were identified over the course of the past 12 years, forming the basis for constructing the landslide inventory.
The analysis of the spatial mean center was conducted in this study to identify the anticipated centers of occurrences. Within the study's framework, both the x and y attributes were appropriate for generating an average. This method is frequently employed to discern changes in distribution or establish connections between diverse types of feature distribution. A novel point feature class referred to as the mean center point was established to accurately depict the mean center for each feature. The mean values of X and Y incorporate attributes such as center, events, and dimension field mean, all of which are indicative of feature outcomes (Majid et al., 2022).  Locations of landslide incidents are shown in Figure 2 along with their mean centers. 
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Figure 2. Landslide Incidents and spatial mean center of landslides in Penang Island

The mean center for landslide incidents in Penang Island located at the coordinate 100.272704 (longitude), 5.389421 (latitude).  According to Majid et al. (2022), spatial statistical distribution and pattern analysis constitute vital components in discerning the geographical distribution of slope failure incidents across the research area. These methodologies play a pivotal role in determining the dispersion and spatial arrangements of landslides. Consequently, a pattern distribution analysis was conducted utilizing the ANN method to enhance the findings. The outcome of this analysis revealed that the prevailing pattern within the studied region is clustered. This is indicated by an average nearest neighbor ratio of less than 1, accompanied by a z-score of -2.196005. It provides further evidence that the clustering pattern is statistically significant, usually at a confidence level of 95% or greater, due to the z-score's divergence from 0. The calculated nearest neighbor ratio stands at 0.82. Additionally, it's noteworthy that the majority of landslide incidents are more prone to occur in proximity to the middle of the island. This mostly due to the presence of rugged hills that raise substantial concerns. The geographical features of this region, distinguished by steep inclines and high elevation, render it more prone to landslides, particularly during periods of intense precipitation. The inherent topography of the centre region of the island, along with possible anthropogenic actions such as deforestation or development, intensifies the precariousness of these inclines, resulting in a greater incidence of landslides. These can be proved by statement mentioned by Husainy et al. (2023) in his publication, where the geographical relief and soil-rock characteristics of Penang Island, which is mostly composed of granitic rocks, rainfall and characterised by huge mountainous hills in the middle section, are significant factors contributing to many landslide incidents. 
This observation signifies the existence of a variable that impacts the documented landslide occurrence rate on Penang Island. Extensive research has highlighted various factors that act as triggers for landslide incidents on the island. These factors include slope angle, aspect, rainfall, lithology, land use, curvature, soil composition, distance to roads and distance to rivers.  Zulkafli et al. (2023), conducted a study centered around spatial analysis, aiming to investigate the discrepancies in factors contributing to landslides on Penang Island. Their analysis incorporated these nine factors. Consequently, this paper also adopts the selection of these same nine landslide conditioning factors. This choice was informed by a thorough review of the existing literature from previous studies. 
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Figure 3a. Road network covering Penang Island
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Figure 3b. River network covering Penang Island
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Figure 3c. Land use type covering Penang Island
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Figure 3d. Delineated slope angle covering Penang Island
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Figure 3e. Delineated slope aspects covering Penang Island
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Figure 3f. Derived curvature of Penang Island
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Figure 3g. Annual rainfall average coverage covering Penang Island
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Figure 3h. Soil series covering Penang Island
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Figure 3i. Soil lithology covering Penang Island

Figure 3a-i depicts landslide distribution on landslide conditioning factors: (a) distance to roads, (b) distance to rivers, (c) land use, (d) slope angle, (e) slope aspect, (f) curvature, (g) annual rainfall average, (h) soil series and (i) lithology. Penang Island has gained renown for its rapid development encompassing buildings, roads and apartments. As depicted in Figure 3(a), the estimated values for the distance to roads in Penang Island reveal that a majority of landslide incidents occurred in areas with a low concentration of road networks. The bulk of the road network is situated on the eastern side of the island, where the slope steepness is less than 15°. This pattern suggests that road networks are not major contributors to slope failure. 
Turning to Figure 3(b), the distances to rivers are illustrated. Given its geographical isolation as an island surrounded by the sea, Penang boasts a series of rivers that, despite their relatively limited length and size, hold significant importance in supporting early human settlements on the island. Penang Island is home to two notable rivers named Sungai Pinang, with one winding along the eastern shore and the other coursing around the western coast. Additionally, two rivers referred to as Sungai Dua, or "second river," exist one on the island and another on the mainland. As Figure 3(b) indicates, a considerable portion of landslide locations are situated in proximity to stream areas, with distances to rivers ranging from 0.0000 to 1295.9362 meters. This can be attributed to the natural variability in water flow density, which leads to the formation of distinct erosion patterns, consequently heightening the susceptibility of slope angles (Zulkafli et al., 2023; Mahmud et al., 2013). 
In Figure 3(c), it is evident that the majority of slope failure incidents occurred in built-up areas. The prevalence of these occurrences can be attributed to increased development in regions susceptible to landslides. This development is a direct consequence of escalating requirements and demands (Selamat et al., 2023). Furthermore, as highlighted by Zulkafli et al. (2023), the occurrence of landslide incidents in built-up areas on Penang Island underscores how the persistent and unsustainable activities of human beings have substantially increased the stress on the land. This heightened stress has led to a greater vulnerability to slope instability and subsequently, a rise in the frequency of landslides. Additionally, Figure 3(d) displays the slope angle map, revealing that a majority of landslides occurred on slopes exceeding 16.8746°. Moving to Figure 3(e), the slope aspect map indicates that landslides occurred predominantly on slopes exceeding 45°. Penang Island's topography, featuring steep terrain at elevations surpassing 60 meters, encompasses over half of its land area. Consequently, the island is marked by a notable susceptibility to landslides, with nearly 50 percent of its land considered at risk. As the slope inclination increases, the shear stress experienced by soil and other unconsolidated materials intensifies (Zulkafli et al., 2023b). The landslide distribution map based on the curvature layer is depicted in Figure 3(f). The impact of curvature also holds significance in the occurrence of landslides. This study has identified that slope failures primarily took place on convex slopes.
The map illustrating the average annual rainfall, presented in Figure 3(g), highlights that a majority of landslides are situated in regions receiving an annual rainfall of around 2749 mm. This observation further underscores that rainfall is a triggering factor for slope failures on Penang Island. The instances of landslides are often attributed to the conjunction of heavy precipitation and human-induced activities (Zulkafli et al., 2023; Mahmud et al., 2013; Nuriah Abd Majid et al., 2020; Nuriah Abd Majid et al., 2022; Selamat et al., 2022). Construction activities, particularly in urban areas like Pulau Pinang, have demonstrated indirect adverse effects on the environment. The combination of significant precipitation and human actions results in slope instability, necessitating the implementation of comprehensive management strategies (Abd Majid & Rainis, 2019).  Additionally, as pointed out by Pradhan and Lee (2010) slope stability is notably influenced by precipitation and subsequent water infiltration into the ground. 
Rainfall triggers changes in soil moisture levels, which in turn lead to shifts in interstitial pore water pressure, seepage pressure, soil weight and a reduction in cohesiveness. The presence of substantial debris within the soil mass initiates the process of sliding. Notably, the recent increase in landslide occurrences could be attributed to the accelerated pace of construction and land clearance activities in mountainous regions.
Figure 3(h) provides an overview of the soil series on Penang Island, which is categorized into six distinct classes: Rengam-Bukit Temiang, Rudua-Rusila, Telemong-Akob-Local Alluvium, Urban land, Kranji and Steepland. Notably, approximately 70% of Penang Island is characterized by steepland soil series. This soil series is predominantly composed of weathered granitic rocks, which cover the central region of the island. The Rengam series is defined by sandy clay with a texture ranging from fine to medium coarse. This series is primarily found in igneous and high-grade metamorphic rock formations. On the other hand, the Telemong-Akob-Local Alluvium series is comprised of fine to medium grained loamy material (Pradhan & Lee, 2010).  The soil series landslide distribution map distinctly illustrates that most slope failure incidents occur in the steep land areas, while only a few occur in urban land. Moving to Figure 3(i), the lithology map portrays that most landslide incidents take place in areas characterized by acid intrusive. Acid intrusive rocks are defined by a high proportion of silicate minerals, often linked with granitic or granodioritic compositions. These types of rocks are prone to weathering due to their mineral composition. The degradation of minerals can lead to the formation of weak zones and reduce the cohesion of rock materials, rendering them more susceptible to sliding.
Indeed, the study has identified and discussed the nine factors that influence landslides on Penang Island, as previously documented in other studies. As elucidated by the research conducted by Zulkafli et al. (2023), the occurrence of landslides on Penang Island is notably influenced by slope angle and aspect when compared to other factors. Given the island's topography, approximately 50% of its land is susceptible to landslides. Consequently, the necessity for slope cutting arises as an inevitable requirement in urbanization endeavors. Furthermore, an increased slope inclination can result in heightened gravitational force acting on materials, leading to an augmented vulnerability to landslides (Zulkafli et al., 2023b).  

ANN influences for landslide causative factors

The application of the ANN method in the QGIS environment is essential for gaining insights into the spatial distribution of landslides and for assessing whether these incidents manifest aggregated, random, or dispersed patterns. While explaining based on the conditioning factors, ANN provided significant support in revealing the clustering tendencies of landslides incidents that occurred on Penang Island, following the analysis of its conditioning factors. The distance analysis performed in relation to elements such as distance to roads, rivers, land use, slope angle and other environmental variables helps ANN compute how landslide events are spatially related. 
One of the critical roles of the ANN method is the detection of patterns based on distance to crucial infrastructures like roads and riverbanks. The mapping results in Figure 3(a) indicate that most landslide incidents occurred in locations with little road networks; therefore, road construction is not a significant contributor to slope failures, because landslide incidents are situated in the opposite proximity of river systems, as displayed in Figure 3(b), where many landslides occurred more closely to river systems. These landslide-river relationships can be characterized through natural erosion processes, in conjunction with water influence on the stability of the slope, thereby increasing the susceptibility of any slope to failure. 
Also, the ANN approach is an analysis that points to the relationship between human activity and the occurrence of landslides. Figure 3(c) shows that many landslides occurred in built-up areas, considerably in rapidly urbanized regions. The clustering of landslides in these areas indicates the influence of human-induced stress on the environment, whereby slope cuttings and additional superimposed load via the path of urbanization exacerbate slope instability. The ANN establishes that urbanization aggravates the problems of landslide concentration, particularly in areas that have undergone more anthropogenic pressure. Regarding topographical influences, the ANN method provides evidence that angle and slope contributed greatly. As shown in Figures 3(d) and 3(e), most landslides occurred on steep zones with angles higher than 16.87° and slopes greater than 45°. 
Landslides clustering in areas makes slope steepness indicative of gravitational action or acceleration of shear stress to soil stability. Because of the ANN analysis, those steep terrain features were termed the three-dimensional hotspots of landslides on Penang Island, rendering them areas of amenable inspection for risk. Besides the ANN method, other factors that prove highly effective as conditioning parameters--soil series and lithology--can also be used to test the spatial distribution of landslides. Indeed, Figures 3(h) and 3(i) show that landslides occurred primarily in areas characterized by the presence of steep soils and acid intrusive rocks. These geological formations have the greatest susceptibility to weathering and reduced cohesion, which contribute to the likelihood of slope failure. The zoning of landslides in such particular soil and lithology zones highlights the ability of ANN to identify and analyze areas of higher geological vulnerability. 
Lastly, the effect of rainfall is one of the major influences on landslide occurrences in Penang Island, as illustrated in Figure 3(g). The ANN method reveals clusters of landslides in areas with high annual rainfall providing that intense rainfall serves as a very critical triggering factor of slope failures. The spatial extent of clustering of landslides in areas of about 2749 mm down to anthropogenic activities such as constructions brings forth the complex interplay of landslide risk determinants- human works therein. Thus, the ANN method in QGIS stands out as an able tool to analyze the spatial distribution of landslides on Penang Island, pinpoint significant clusters of landslides vis-a-vis essential environmental-as well as anthropogenic-factors like proximity to the rivers, steep slopes, urbanization, soil types, lithology and rainfall. This information will be of utmost importance for understanding the spatial pattern of landslides as they contribute towards risk management strategies that are aimed at reducing landslide hazards on Penang Island.

Significance of QGIS for landslide incident analysis

The use of QGIS for the assessment of landslide occurrences on Penang Island as illustrated by the results above is of paramount importance and also offers an aesthetically pleasing novelty in methodology and sophistication of insights. Being an open-source GIS platform, QGIS has a great number of spatial analysis tools at its disposal, foremost among which is the handy Average Nearest Neighbor method; this tool is fundamental in understanding landslide patterns holistically and accurately. Some of the aspects of the importance and novelty of QGIS are discussed in this section, weaving relations to the results already shown.  

a. Comprehensive spatial analysis with multi-layered data integration 

QGIS provided an ideal for mapping landslides in conjunction with these considerations, as illustrated in Figure 3(a-i). The novelty lies in the power of QGIS to effortlessly handle multiple complex spatial data and present an integrated view of how these factors jointly trigger landslide occurrence. For instance, there are results where landslides will, on the one hand, occur near rivers, as noted in Figure 3b; on the other hand, they won't, as shown in Figure 3a. These two points accentuate the power of QGIS to layer this data for detailed exploration.  

b. Enhanced visualization and mapping capabilities

The graphical presentations of QGIS create very detailed maps as presented in Figures 3(a-i) to present the spatial relations between landslides and several environmental features. This brings forward new information for interaction: making for the clearer introduction of patterns, landslides appear to cluster in the greater built-up aspects and steep slopes as presented in Figures 3(c) and 3(d). QGIS offers novelty in its ability to produce maps of very high resolutions showing spatial distribution but also stacking additional factors upon one another, thereby providing immediate visual insights into risk areas. The visual aspect is an important feature for decision-makers and urban planners who would need an order of what really happened so they can work on something pertaining to mitigation strategies.

c. Average Nearest Neighbor

In the application of the ANN method in QGIS to understand the landslide spatial pattern-whether they are clustered, random, or dispersed-gives relevance to the analysis. The outcome shows, in fact, that ANN did highlight clusters with regard to slope angels, built-up areas and distance to rivers. Another novelty lies in QGIS making this analysis very simple by executing the ANN aids in its demarcation of landslide-prone zones on a quantitative basis. This approach transforms QGIS from the mapping tool it once was into a spatial analytics platform which can shine a light on the underlying spatial processes, thus helping in more accurate predictions of future risks. 

d. QGIS is obviously an open-source tool! 

One crucial novelty and advantage of QGIS boils down to its monopoly as an open-source tool, any advanced spatial analysis software within users' reach, including researchers, government agencies and urban planners, comes with none of the cost implications of proprietary software. This situation proves crucial, as it ensures that the analyses being proposed are pursued in regions like Penang, where finances for environmental management are scarce possibilities. With ample powers in the analyses to a level, cost-effectiveness is observed on the part of QGIS in terms of sophisticated analyses of this manner that rely on spatial data to put forward insights in a somewhat more affordable milieu. People's technology is of broad application and a level of scalability to spread to other regions with landslide risks. 

e. From data-driven Risk Management Decision Support

QGIS offers tremendous insights into the spatial pattern analysis concerning environmental and atherogenic triggers into such areas, thus serving as a basis of evidence for decision support. In the analyses, landslide causative factors like annual rainfall (Figure 3g) and soil type (Figure 3h) correlated directly with landslide incidents, thereby enabling a deeper understanding of where and why landslides occur. The novelty presented is not confined only to the site of occurrence of landslides; rather, it considers the conditioning factors around the landslides together with predicting those landslides, providing a basis for informed risk management decisions through QGIS. This predictive ability from QGIS, then makes it possible to develop and implement effective landslide mitigation plans and urban planning in areas like Penang Island, where such hazards are most prone. 

f. Customize and extend the analytical methods

QGIS provides flexibility to customize and extend analysis capability, with the availability of several plugins and tools. For example, the availability of advanced geospatial plugins allowed for more in-depth mean centers and analysis of spatial relationships in this study to enable a deeper understanding of landslide distribution in Penang Island. The capacity of calculating such spatial statistics within QGIS without the need for any external software is one of the innovative moves that helped in streamlining the workflow that should have otherwise delayed an extensive geospatial analysis. The outcome of the analysis, which shows clustered spatial arrangements of landslides within certain regions, has consequently benefited from this flexibility, allowing the experimentation with variants of methods and parameters to fine-tune analysis. 

g. Capability of handling substantial data and complicated models 

To analyze 43 landslide incidences over a 12-year period on Penang Island, large spatial datasets were handled and contributions from QGIS in support of managing large geospatial data were vital. QGIS, too extends its capability of using complicated models that need a combination of several environmental layers like those comprising curvature, lithology and rainfall, which follows its logical applicability to any large-scale study. This reliable process including the handling and processing of complex datasets is a major improvement not only in literary practice but also for environmental and disaster management application.


Conclusion 

A landslide inventory map is a crucial tool for understanding past slope failure incidents and identifying their underlying causes. In this study, a landslide inventory map was constructed for the island area, encompassing 43 landslide locations. These incidents were sourced from prior studies and the Global Landslide Catalog (NASA), spanning a 12-year period. The aim of this study was to analyze the pattern of landslide incidents on Penang Island using the ANN method. The findings indicated a clustered pattern in the studied region, supported by an average nearest neighbor ratio of less than 1 and a z-score of -2.196005. The mean center for landslide incidents on Penang Island was identified at coordinates 100.272704 (longitude) and 5.389421 (latitude). Furthermore, a considerable number of landslide incidents occurred closer to the island's central region. 
This observation implies the presence of a factor influencing the rate of landslide occurrences documented on Penang Island. As a result, nine landslide factors were selected based on previous studies. These factors include slope angle, aspect, rainfall, lithology, land use, curvature, soil, distance to road and distance to river. These nine factors were transformed into maps using QGIS, with layered landslide incident data added to identify regions with a higher concentration of landslide occurrences based on each factor. Each individual landslide factor exhibited a specific area where most of the landslide incidents occurred. 
GIS use for landslide analysis on Penang Island signify a significant progression toward spatial analysis since it enables an understanding of landslide occurrences in relation to environmental and anthropogenic factors. Using Average Nearest Neighbor (ANN) with QGIS emerges as a powerful identification mechanism for spatial patterns, showing that landslide incidents cluster in areas of steep slopes, adjoining rivers and that have been urbanized. The multiple layer assessment done using QGIS offers a comprehensive evaluation of landslide risk assessment, based on results from road networks, rainfall, soil series and lithology layered assessment. The findings reflect the critical nature of contributing factors such as angle of slope, human development and environmental triggers such as rainfall towards landslide occurrences, and on providing data-driven insights to facilitate risk mitigation and disaster preparedness.
Its significance and novelty lie in QGIS being an accessible open-source tool capable of performing elaborate spatial analysis and visualization on large datasets. Its suitability towards adoption of different and more advanced spatial techniques such as ANN is well met within the context of geospatial debates, that can demonstrate complex geospatial data such as this. More in-depth analytical capabilities, coupled with clarity of representation, are reason enough for QGIS to advocate and guide an all-round deliberation amongst planners and policymakers for conferring remedial solutions to landslide risks. The paper brings forth the utility of QGIS as an emergency planning and disaster management tool in regions characterized by rapid urban development and ecological exigencies. Of worthy note is that the analysis of factors such as rainfall, soil properties and land use types along with the individual cumulative effects arising there from mandates effective land use planning in managing slippage risk on Penang Island.


Acknowledgement 
 
The authors would like to thank Universiti Sains Malaysia for Internationalization Incentive Scheme provided (R502-KR-ARP004-00AUPRM003-K134).


References

Ab Rahman, A. A., Abd Majid, N., & Selamat, S. N. (2020). A comprehensive deriving the factors of landslide happened in Malaysia. International Journal on Emerging Technologies, 11(5), 310–314.
Abd Majid, N., & Rainis, R. (2019). Application of Geographical Information Systems (GIS) and discriminant analysis in modelling slope failure incidence in Pulau Pinang, Malaysia. Sains Malaysiana, 48(7), 1367–1381. 
Aditian, A., Kubota, T., & Shinohara, Y. (2018). Comparison of GIS-based landslide susceptibility models using frequency ratio, logistic regression and artificial neural network in a tertiary region of Ambon, Indonesia. Geomorphology, 318, 101–111. 
Adnan, M., Rahman, S., Ahmed, N., Ahmed, B., Rabbi, M., & Rahman, R. (2020). Improving spatial agreement in machine learning-based landslide susceptibility mapping. Remote Sensing, 12(20), 3347. 
Akomolafe, G. F., & Rosazlina, R. (2022). Land use and land cover changes influence the land surface temperature and vegetation in Penang Island, Peninsular Malaysia. Scientific Reports, 12(1), 1–15. 

An, Y., Tan, X., Gu, B., & Zhu, K. (2020). Flood risk assessment using the CV-TOPSIS method for the Belt and Road Initiative: An empirical study of Southeast Asia. Ecosystem Health and Sustainability, 6(1), 1–12. 
Bandibas, J., & Takarada, S. (2019). Mobile application and a web-based Geographic Information System for sharing geological hazards information in East and Southeast Asia. Journal of Geographic Information System, 11, 309–320. 
Beyene, A., Tesema, N., Fufa, F., & Tsige, D. (2023). Geophysical and numerical stability analysis of landslide incident. Heliyon, 9(3), e13852. 
Chen, L., Ge, X., Yang, L., Li, W., & Peng, L. (2023). An improved multi-source data-driven landslide prediction method based on spatio-temporal knowledge graph. Remote Sensing, 15(8), 2126. 
Chen, W., Shirzadi, A., Shahabi, H., Ahmad, B., Zhang, S., Hong, H., & Zhang, N. (2017). A novel hybrid artificial intelligence approach based on the rotation forest ensemble and naïve Bayes tree classifiers for a landslide susceptibility assessment in Langao County, China. Geomatics Natural Hazards And Risk, 8(2), 1955-1977. 
Chen, W., Sun, Z., & Han, J. (2019). Landslide susceptibility modeling using integrated ensemble weights of evidence with logistic regression and Random Forest models. Applied Sciences, 9(1), 171. 
Chigira, M., Mohamad, Z., Sian, L. C., & Komoo, I. (2011). Landslides in weathered granitic rocks in Japan and Malaysia. Bulletin of the Geological Society of Malaysia, 57(57), 1–6. 
Choy, E. A., Khair, E. B. M., Atan, A., Sahani, M., & Ali, Z. M. (2011). Perubahan cuaca dan penyakit denggi: Kajian kes di daerah Seremban, Negeri Sembilan, Malaysia. e-BANGI: Jurnal Sains Sosial dan Kemanusiaan, 6(1), 38–48. 
Elmahdy, S., Marghany, M., & Mohamed, M. (2014). Application of a weighted spatial probability model in GIS To analyse landslides in Penang Island, Malaysia. Geomatics Natural Hazards and Risk, 7(1), 345-359. 
Fuad Nizam. (2023, June 2). Victims of Batang Kali landslide upset over delays in investigation results. New Straits Times https://www.nst.com.my/news/nation/2023/06/915868/victims-batang-kali-landslide-upset-over-delays-investigation-results
He, Q., Jiang, Z., Wang, M., & Liu, K. (2021). Landslide and wildfire susceptibility assessment in Southeast Asia using ensemble machine learning methods. Remote Sensing, 13(8), 1–25. 
Hidayat, R., Sutanto, S. J., Hidayah, A., Ridwan, B., & Mulyana, A. (2019). Development of a landslide early warning system in Indonesia. Geosciences, 9(10), 451. 
Huqqani, I. A., Tay, L. T., & Saleh, J. M. (2019). Analysis of landslide hazard mapping of Penang Island Malaysia using bivariate statistical methods. Indonesian Journal of Electrical Engineering and Computer Science, 16(2), 781–786. 
Jason Loh, & Amanda Yeo. (2022, January 17). Stop illegal logging once and for all to minimise the occurrence of landslides and floods. Bernama. https://www.bernama.com/en/thoughts/news.php?id=2044001
Kazmi, D., Qasim, S., Harahap, I. S., Baharom, S., Imran, M., & Moin, S. (2016). A study on the contributing factors of major landslides in Malaysia. Civil Engineering Journal, 2(12), 669–678. 
Kuradusenge, M., Kumaran, S., & Zennaro, M. (2020). Rainfall-Induced landslide prediction using machine learning models: The case of Ngororero District, Rwanda. International Journal Of Environmental Research And Public Health, 17(11), 4147. 
Lin, Y.-P., Chu, H.-J., & Wu, C.-F. (2010). Spatial pattern analysis of landslide using landscape metrics and logistic regression: A case study in Central Taiwan. Hydrology and Earth System Sciences Discussions, 7(3), 3423–3451.
Luo, X., Lin, F., Zhu, S., Yu, M., Zhang, Z., Meng, L., & Peng, J. (2019). Mine Landslide susceptibility assessment using IVM, ANN and SVM Models considering the contribution of affecting factors. Plos One, 14(4), E0215134. 
Nocentini, N., Rosi, A., Segoni, S., & Fanti, R. (2023). Towards landslide space-time forecasting through machine learning: The influence of rainfall parameters and model setting. Frontiers in Earth Science, 11. 
Mahmud, A. R., Awad, A., & Billa, R. (2013). Landslide susceptibility mapping using averaged weightage score and GIS: A case study at Kuala Lumpur. Pertanika Journal of Science and Technology, 21(2), 473–486.
Majid, N. A., Taha, M. R., & Selamat, S. N. (2020). Historical landslide events in Malaysia 1993-2019. Indian Journal of Science and Technology, 13(33), 3387–3399. 
Majid, N. A., Zulkafli, S. A., Zakaria, S. Z. S., Razman, M. R., & Ahmed, M. F. (2022). Spatial Pattern analysis on landslide incidents in Kuala Lumpur, Malaysia. Ecology, Environment and Conservation, 28(3), 1624–1627. 
Merghadi, A., Yunus, A. P., Dou, J., Whiteley, J., ThaiPham, B., Bui, D. T., Avtar, R., & Abderrahmane, B. (2020). Machine learning methods for landslide susceptibility studies: A comparative overview of algorithm performance. Earth-Science Reviews, 207, 103225. 
Muaz Abu Mansor Maturidi, A., Kasim, N., Abu Taib, K., Nur Aifa Binti Wan Azahar, W., & Husain Husain, N. M. (2020). Rainfall-Induced Landslides in Cameron Highland Area, Malaysia. IOP Conference Series: Materials Science and Engineering, 917, 012019.
Murthy, T., Yusoff, I. M., Samsudin, S. H., Majid, T. A., Abir, I. A., Yong, C. H., & Ismail, M. A. M. (2023). Geographical Information System (GIS)-Based landslide susceptibility mapping in Malaysia: A review of past, current and future trends. Academic Journal of Interdisciplinary Studies, 12(3), 162. 
Pham, B., Tien, D., Dholakia, M., Prakash, I., Pham, V., Mehmood, K. & Lê, Q. (2016). A novel ensemble classifier of rotation forest and naïve Bayer for landslide susceptibility assessment at the Luc Yen District, Yen Bai Province (Viet Nam) using GIS. Geomatics Natural Hazards And Risk, 8(2), 649-671. 
Pradhan, B., & Lee, S. (2010). Delineation of landslide hazard areas on Penang Island, Malaysia, by using frequency ratio, logistic regression, and Artificial Neural Network models. Environmental Earth Sciences, 60(5), 1037–1054. 
Psomiadis, E., Papazachariou, A., Soulis, K. X., Alexiou, D. S., & Charalampopoulos, I. (2020). Landslide mapping and susceptibility assessment using geospatial analysis and earth observation data. Land, 9(5), 133. 
Saha, A., Villuri, V. G. K., & Bhardwaj, A. (2022). Development and assessment of GIS-Based landslide susceptibility mapping models using ANN, Fuzzy-AHP, and MCDA in Darjeeling Himalayas, West Bengal, India. Land, 11(10), 1711.
Samat, N., & Mahamud, M. A. (2019). Impact Of Urban Development To The Communities In George Town Conurbation. European Proceedings of Social & Behavioural Sciences, 68, 749–759. 
Selamat, S. N., Abd Majid, N., Mohd Taib, A., Taha, M. R., & Osman, A. (2023). The spatial relationship between landslide and land use activities in Langat River Basin: A case study. Physics and Chemistry of the Earth, 129, 103289. 

Selamat, S. N., Majid, N. A., Taha, M. R., & Osman, A. (2022). Landslide susceptibility model using Artificial Neural Network (ANN) approach in Langat River Basin, Selangor, Malaysia. Land, 11(6), 833. 
Shirzadi, A., Soliamani, K., Habibnejhad, M., Kavian, A., Chapi, K., Shahabi, H., Chen, W., Khosravi, K., Pham, B. T., Pradhan, B., Ahmad, A., Ahmad, B. A., & Bui, D. (2018). Novel GIS based machine learning algorithms for shallow landslide susceptibility mapping. Sensors, 18(11), 3777. 
Simon, N., Roiste, D. E., Crozier, M., & Ghani Rafek, A. (2017). Representing landslides as polygon (areal) or points? how different data types influence the accuracy of landslide susceptibility maps (Mempersembahkan tanah runtuh dalam bentuk poligon (luas) atau titik? bagaimana jenis data berbeza. Sains Malaysiana, 46(1), 27–34. 
Song, Z., Li, X., Lizárraga, J. J., Zhao, L., & Buscarnera, G. (2020). Spatially distributed landslide triggering analyses accounting for coupled infiltration and volume change. Landslides, 17(12), 2811–2824. 
Stanley, T., Kirschbaum, D., Benz, G., Emberson, R., Amatya, P., Medwedeff, W. & Clark, M. (2021). Data-Driven landslide nowcasting at the global scale. Frontiers In Earth Science, 9. 
Tew, Y. L., Tan, M. L., Samat, N., & Yang, X. (2019). Urban expansion analysis using landsat images in Penang, Malaysia. Sains Malaysiana, 48(11), 2307–2315. 
Titti, G., Sarretta, A., Lombardo, L., Crema, S., Pasuto, A., & Borgatti, L. (2022). Mapping susceptibility with open-source tools: A new plugin for QGIS. Frontiers in Earth Science, 10, 1–14. 
Wang, Y., Wu, X., Chen, Z., Ren, F., Liao, F., & Du, Q. (2019). Optimizing the predictive ability of machine learning methods for landslide susceptibility mapping using smote for Lishui City in Zhejiang Province, China. International Journal of Environmental Research and Public Health, 16(3), 368. 
WHO. (2023). Landslides. 
Yahaya, N. S., Ramli, Z., Thompson, A., & Pereira, J. J. (2019). Landslides in Penang Island, Malaysia: Insights on emerging issues and the role of geoscience. Warta Geologi, 45, 37–43.
Zhang, W., Liu, S., Wang, L., Samui, P., Chwała, M., & He, Y. (2022). Landslide susceptibility research combining qualitative analysis and quantitative evaluation: A case study of Yunyang County in Chongqing, China. Forests, 13(7), 1055.
Zheng, B. (2023). Improving the landslide susceptibility prediction accuracy by using genetic algorithm optimized machine learning approach. International Journal Of Intelligent Systems, 1, 5525793.
Zulkafli, S. A., Abd Majid, N., & Rainis, R. (2023a). Local variations of landslide factors in Pulau Pinang, Malaysia. IOP Conference Series: Earth and Environmental Science, 1167(1), 012024
Zulkafli, S. A., Abd Majid, N., & Rainis, R. (2023b). Spatial analysis on the variances of landslide factors using Geographically Weighted Logistic Regression in Penang Island, Malaysia. Sustainability, 15(1), 852.
Zulkafli, S. A., Majid, N. A., Zakaria, S. Z. S., Razman, M. R., & Ahmed, M. F. (2023). Influencing Physical characteristics of landslides in Kuala Lumpur, Malaysia. Pertanika Journal of Science and Technology, 31(2), 995–1010. 



image1.jpeg
£
H
£
H
£
H
£
H
Z
£
H

Study Area (Penang Island)

1cm=2km 1
012 4 6 8 1
Kilometers 4

N

w —.
H
Penisular Malaysia
.
1cm =69 km
0 3570 140 210 280 =
o — —rClomcters

Legend

[ study Area (Penangsland)
[ Penisular Malaysia





image2.tiff
J

Legend

@ Spatial mean center

4 Landslides Penang Island 0 2.5 5km
[ Penang Island boundary [ e





image3.tiff
(@)

Legend
— Road network

+ Landslide Incidents Penang Island
Distance to Roads
Meter
[ 0-953.1264648
[ 953.1264649 - 1906.25293
[ 1906.252931 - 2859.379395
I 2859379396 - 3812.505859
I 3812.50586 - 4765.632324
I 4765.632324 - 5718.7589

25

5km




image4.tiff
(b)

Legend
River network

+ Landslide Incidents Penang Tsland
Distance to River
Meters
[0 0 - 264.2697821
[ 264.2697822 - 772.4809015
I 772.4809016 - 1992.187588
B 1992.187589 - 4492.586296
I 4492.586297 - 5183.753418





image5.tiff
(b)

Legend
4 Landslide Incidents Penang Island
Land Use
Type
0 Agriculture
I Forest
I Builtup
0 Waterbody

5km





image6.tiff
(d)

Legend
* Landslide Incidents Penang Island

Slope angle

Degree

1 0.0000

[ 0.0000-16.8746

[ 16.8746-33.7493

I 33.7493-50.6239

I 50.6239-67.4986

0 25 5km





image7.tiff
Legend

a

Slope aspect
Degree

I Flat (-1)

I North (0-45.0)

I Northeast (45.0-88.7)
I East (88.7-119.1)

I Southeast (119.1-150.9)
I South (150.9-194.0)
I Southwest (194.0-240.9)
B West (240.9-278.1)

I Northwest (278.1-315.0)
I North (315.0-359.5)

Landslide Incidents Penang Island

5km





image8.tiff
Q)

Legend
* Landslide Incidents Penang Island
Curvature
I Concave
[ Flat
I Convex





image9.tiff
(9)

Legend
4 Landslide Incidents Penang Island

Annual Rainfall Average

mm

B 2005

[ 2352

I 2397

I 2403

[ 2749

B 27%





image10.tiff
(h)

Legend
+ Landslide Incidents Penang Island
Soil series
Type
I Rengam-Bukit Temiang
B Rudua-Rusila
I Telemong-Akob-Local Alluvium
[ Urban land
W Kranji
[0 Steepland





image11.tiff
0}

Legend

» Landslide Incidents Penang Island
Lithology
Type
I Sand (mainly marine)
171 Peat, humic day and silt
[0 Clay, silt, sand, peat and minor gravel
[ Clay, siit, sand and grave - undifferentiated
[ Clay and silt (marine)
" Acdintrusives (undifferentiated) 0 25  5km





