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Abstract- Landslides in valley areas pose a considerable danger to road
safety, particularly on steep slopes combined with heavy rainfall events.
Monitoring systems tend to be reactive in nature, responding only once
failure has been clearly visible for some time. This lack of close connection
between monitoring systems and traffic management systems has greatly
reduced the value of implementing preventative procedures. This research
proposes an integrated sensor-based early warning system and intelligent
diversion of traffic from hazardous conditions to provide rapid decision
support through early identification and detection of hazards; as well as
through the rapid and accurate management of traffic away from the hazard
areas. The system relies on a framework of real-time monitoring and
predictive analysis using multiple sensors such as vibration sensors for
monitoring vibration patterns, tilt sensors for measuring slope angles,
moisture sensors for recording moisture levels, and rain gauges for
measuring rainfall conditions. Data resulting from these multiple sensors
will be analysed with a hybrid machine learning approach; which consists
of a Random Forest model combined with a Long Short-Term Memory
(LSTM) model to classify risk areas. The accuracy of classification was
95.2%, the F1-score was 0.94, and the false alarm rate was 3.8%. Besides,
the average detection latency was 1.4 seconds, which means that it can work
almost in real time. Also, the diversion method has somewhat decreased the
traffic jam by 41%, and the accident risk by 62.5% in the simulated
environment. So, the main point of the paper is the combination of
geotechnical sensing with intelligent transportation control, where the early
warning message is used for automatic traffic diversion. To put it simply, it
is a more feasible and extensive approach to enhancing road safety in valleys
which are susceptible to landslides.
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1 Introduction

Landslide is one among the most frequent natural hazards which are, at the same time,
extremely destructive of human habitats, mostly in India where the terrain is complicated and
these heavy monsoon rains. The construction of roads in vulnerable areas has, in a way, led
to even more areas getting exposed than before... Besides the Western Ghats Uttarakhand
Himachal Pradesh, and some parts of the North-East, hills often fail which not only disrupts
transport routes but also endangers human lives [1]. In the valley corridors, highways run
along steep unstable faces or close to river banks where soil becomes saturated, erosion sets
in and earthquake forces increase the potential for landslides. Besides death toll, these
incidents cause break in road connectivity, financial loss, and hold-up in emergency response
teams [2][3].

There has been an increase in landslide incidents over the years, caused by climate
change, logging, and construction activity on previously fragile slopes. A big problem is that
it can take a long time to visually detect an unstable slope. Most current monitoring systems
use human patrols or rainfall data alone to detect landslides, so they miss a lot of landslides
that occur suddenly or go unnoticed due to weather changes. When the danger goes
unnoticed, vehicles continue to travel along these hazardous roadways, resulting in slope
failure, accidents, and traffic delays. In situations like these, the importance of having a
reliable detection system for early signs of potential danger and the ability to react quickly to
reduce overall risk is very clear [4][5].
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Fig. 1. Integrated framework for sensor-based landslide detection and intelligent traffic diversion

Fig.1. shows the overall system architecture, where multi sensor inputs are gathered, and
then sent to the processing unit for risk assessment, after which automated traffic control
takes place like alerts, or even a route diversion. Most landslide monitoring methods are kinda
reactive by nature. Usual systems rely on separated observations, for example rainfall
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intensity, or periodic geotechnical surveys, which do not provide the continuous insight into
the slope behavior [6][7].
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Fig. 2. Layered system architecture for sensor-based landslide detection and intelligent traffic control.

Also, such systems are seldom plugged together with the transportation management
frameworks. Even if a possible landslide is spotted, there is frequently no built-in automated
way to regulate ,or divert the traffic instantly. Because the coordination between geotechnical
monitoring and traffic control is weak (or sometimes missing), the overall effectiveness of the
current approaches drops, and the exposure to hazards is increased [8][9].

To overcome these issues, the study suggests an integrated framework that blends real-
time sensing, predictive analytics, and intelligent traffic management. In particular, the system
is built to keep track of slope conditions all the time using multiple sensors, then process the
gathered information to estimate the landslide risk, and finally trigger an automatic traffic
diversion whenever it becomes necessary. By connecting environmental surveillance with
roadway control, the framework is intended to strengthen road safety and also support more
reliable disaster readiness, especially across valley regions.

The main contributions of this work can be summarized like this.

e The design and deployment of the multi-sensor real-time monitoring system is
undertaken in order to capture ground vibration , slope inclination, soil moisture,
alongside rainfall-related parameters.

* A predictive landslide detection model is formulated to determine risk categories by
using data-driven techniques.

¢ An automated traffic diversion method is realized to reroute vehicles based on real-
time hazard assessment.

The experimental confirmation of the suggested system is done through real-life datasets
together with appropriate performance metrics that enable to evaluate the detection accuracy,
the response time, and the overall performance of the system, so that one can have a clearer
understanding.

2 System Architecture

2.1 Overall Framework

The system proposed is designed more or less as a layered architecture, and it integrates
environmental monitoring together with traffic control in a single unit. In this framework there
are five interconnected layers, namely the sensor layer, the communication layer, the
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processing layer, the decision layer , and finally the traffic control layer. Each layer handles
its own tasks while the information keeps moving more or less continuously across everything.

The sensor layer is installed not only on the slope surface but also near the roadside areas
so that it can measure the physical parameters that are linked to the slope stability. Then the
communication layer, which is designed to keep data transfer dependable even when the sites
are very far, takes the collected data. Next, the processing layer does data conditioning and
also risk assessment, employing analytical methods together with data-driven evaluation to
determine the behavior of the slope. After the risk assessment is done, the outcome is
forwarded to the decision layer. At this stage predefined rules and threshold values are
considered, to decide the right response. Once a decision has been reached, traffic control layer
carries out warning messages on-site and, if required, changes the traffic routes when the
dangerous conditions are identified.

So, it is a practical real-time support for traffic management that is still closely related to
the monitoring.

The overall system can be expressed in the functional form as [10]:

X(@) ={V(®),0(t),M(t),R()}
LRI(t) = w V() + w,0(t) + wyM(t) + w,R(t) (1)

Where X(t) stands for the sensor input vector at time t, V(t) is the ground vibration, and
0(t) indicates the variation in slope angle , then M(t represents the soil moisture content, but
R(t corresponds to the rainfall intensity though. The term LRI(t) defines a landslide risk index,
meanwhilew 1w 2w 3 and w_4 are weighting coefficients that come from calibration. The
computed index then gets passed into the decision module for classifying into the different
risk levels.

Fig. 2 shows, in a sort of structured way, the flow of information through multiple layers,
starting from environmental sensing and moving onward through the communication stage
and the data processing steps where the assessed risk levels are interpreted inside the decision
layer. after that, the decision layer triggers the suitable traffic control actions, like warnings or
route diversion, to keep the road safe in the landslide-prone areas.

2.2 Hardware Components

The sensing infrastructure is made up of low power, and cost effective devices that are
suitable for long term deployment in harsh environments, where the accelerometer is used to
measure ground vibrations, that indicate subsurface disturbances before the slope failure. The
tilt sensor records the angular displacement of the slope, giving direct proof of gradual, as well
as abrupt movement . Then the soil moisture sensors measure the volumetric water content,
which drives the reduction in soil shear strength, while the rainfall sensors log the precipitation
intensity, and that is the key triggering component in many landslides.

Typically, a microcontroller unit, such as an ESP32, works as a hub in a way the various
sensor outputs are collected and handled. Once the data is filtered slightly the sensor data is
arranged into packets before sending them out. The GPS unit is part of the configuration and
it brings the coordinates of each sensing station. Such geographical data are highly relevant
for mapping hazardous areas, and at the same time, for figuring out alternative routes for the
traffic. The ties between the various hardware parts are laid out in Table 1.
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Table 1.  Sensor parameters and functional roles

Sensor Type Measured Parameter Role in System
Accelerometer Ground vibration (V) Detects dynamic disturbances
Tilt Sensor Angular displacement (0) Identifies slope movement
Soil Moisture Water content (M) Indicates soil saturation
Rainfall Sensor Rain intensity (R) Captures triggering conditions

2.3 Communication

The development of communication technologies has become increasingly important,
especially in remote areas where infrastructure is often limited or inconsistent. As a result,
hybrid communication systems that combine low-power wide-area and cell phone
communications are being utilized to address this issue. LoRa technology was specifically
chosen due to its low power consumption and because it provides acceptable reception in hilly
geographic areas, which is generally caused by the poor quality of the signal. GSM modules
are also utilized for backup communications; however, they are only used as an alternative to
the GSM system when available within the network service area, which helps increase the
reliability of the overall system.

For large-scale applications, NB-IoT will allow for data exchange with low bandwidth
consumption. The received signal strength and link reliability are defined according to [11],
as shown below.

B =P +G +G, — L, 2)

Where, (Pr) = Received Power, (Pt) = Transmitted Power, (Gt) = Transmitter Gain, (Gr)
= Receiver Gain, and (Lp) = Path loss. Path loss is very significant in respect to
communication in hilly or mountainous areas, as path loss primarily depends on the local
terrain, which has an impact on the quality of communication. This relationship thus allows
for the selection of appropriate parameters to achieve a stable and reliable operation for a
given communication network.

3 Proposed Methodology

3.1 Data Acquisition

The main concept of the proposed framework is based on the continual collection of
geotechnical and environmental data from a number of geotech sensor nodes that are placed
in distributed locations along both road side and slope side sections of a roadway corridor. The
sensing system provides continuous monitoring (near real time) for four key parameters that
are needed to assess slope stability; ground vibration amplitude, slope angle/tilt (degree), soil
moisture content (percent) and intensity of rainfall (mm/hour); and each of these parameters
is linked in some manner to slope instability. Each sensor node transmits its time-stamped
measurements to a processing unit for organization into a multi-variable/time series database.

The observed signal at any time t can be represented by the following feature vector [12]:
X(@®) =[V(©), T(®), M(¢t), R(©)] (3)
V(t) = measured ground vibration amplitude in m/sec2

T(t) = slope tilt angle (degree)
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M(t) = soil moisture content (percent)
R(t) = intensity of rainfall (mm/hr)

The time interval, At, used for collecting measurements is based on the amount of
sensitivity associated with the terrain; typically, it ranges from 1 to 10 seconds. This selection
of measurement interval allows for the collection of data during these rapidly occurring, short-
term changes to slope conditions. In this manner, continuous data will ultimately be available
for subsequent data analysis and predictive modeling use.

3.2 Data Preprocessing

Sensors often produce raw sensor readings that contain measurement noise, occasional
errors in the transmission of the measurement, and the occasional outlier due to environmental
interference. Therefore, it is virtually impossible to take all the raw data produced by a sensor
directly into a prediction model without some preprocessing. In this study, we used a blended
approach consisting of Kalman filtering followed by a moving average filter to provide a more
reliable set of data to use in a practical sense [13].

The Kalman filter helps to track the true state of the signal by making a new prediction
every time a new observation is available. Therefore, at time k, the filtered output X (the
output) will be given as follows [13]:

Ry = Xpe—1 + K (2 — K1) 4)

Where z, = measurement provided at time k, Kx = Kalman gain at time k. The Kalman gain
tells you how much change the recent observation should cause in the estimated output for
that time. This method has been shown to work well with sensor noise and makes the filtering
approach more robust to sudden changes/trends in the measured signal. After filtering, a
moving average filter is therefore applied to smooth out the brief deviations and reduce short
fluctuations while eliminating noise in the dataset [14]:

n-1

2(6) = lz x(t - i) (5)
"=
Where n is the window size of the smoothing filter. Ideally, the next step after reducing
noise from the data set will be to normalize the data. This is important because the features
(the variables) in the data set will all be measured and scaled differently so they need to be
scaled to have a common reference point in comparison to other features for model training.
Min-Max Normalization [15]:
¥ = X — Xmin ( 6)
Xmax ~ Xmin
Where x' refers to the normalized value for x, while x min represents the minimum value
and xmax is the maximum value in the feature’s value range. Thus, the values being passed
through the function will be transformed to fall within the range of 0 to 1; this is generally
considered advantageous for the model training process and could result in quicker
convergence for the machine learning and statistical modeling efforts.

3.3 Landslide Prediction Model

In this research study, in addition to collecting both of the near instantaneous patterns that
exist in the data and the time-based relationships that exist between the data points, a hybrid



EPJ Web of Conferences 376, 05007 (2026) https://doi.org/10.1051/epjconf/202637605007
ICRAMEN 2026

learning framework to combine the strengths of Random Forest Classifiers and Long Short
Term Memory (LSTM) networks within the same pipeline has been developed. The concept
is that by having a single model that can use Random Forest Classifiers as the base line
classifier for the model’s predictions, while also having access to LSTM networks as a method
to identify and quantify the temporal relations among the observations in this time series data,
that the temporal patterns displayed by the observations could be better evaluated including
the time component of the observations and the expected change to those observations over
time. The Random Forest Classifier enables the prediction to be created by using the
aggregated value of all of the predictions made by the Random Forest decision trees that were
used for the construction of the decision trees comprising the Random Forest [16]:

1 N
YRF = NZ T; (X) @)

N is the number of trees in the model and T {i} represents the tree index of tree i in the
model The LSTM utilizes the time sequence of observations {X(t - k),... ,X(t)} to produce
output based on how the various observations interact with each other over time through gated
memory units. Hence, it allows for memory-based selection of which data to retain.
Combining the output of both models is performed through a weighted average fusion method
[17]:

y =aygr + (1 — @)yrstm 8

Where a € [0, 1], indicates how much each model contributes to determining the final
predicted value. Each final output value (y) is assigned to one of three classes, specifically
Safe, Warning, or Critical, through application of established probability thresholds. Overall,
this hybrid approach increases the ability to predict the future by making predictions more
stable and reliable, due to increasing complexity in situations of rapid changes, as well as in
those trends that evolve more gradually.

3.4 Risk Index Formulation

In addition to relying upon data predictions, the LRI will allow for the evaluation of the
landslide susceptibility from please see below and for the LRI through Equation Below [18]:

LRI(t) = w V() + wy,T(t) + wsM(t) + w,R(t) 9

The current setup uses variables (V(t), T(t), M(t), R(t)) which define normalised forms
of vibration, tilt, moisture and rainfall in relation to their respective components. The
weighting factors (w_1, w 2, w 3, w_4) for each variable in the composition are indicative
of how much each of the four variables contribute towards instability. Standard optimisation
techniques (for example, grid search or regression) would typically be employed to determine
these weighting values, and this would occur through the application of historical data to
calibrate the model. To ensure that the resulting model remains interpretable, all weight
factors will satisfy the restriction imposed by the limitations defined in [19]:

4

Zwi =1Lw; =20 (10)
i=1

Thus, since the LRI provides continuously assessable risk, it also supports the
classification results of the hybrid model. When the LRI value increases, it represents a greater
level of risk, or a greater likelihood of slope failure.
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3.5 Decision-Making Algorithm

The final aspect of methodology is primarily concerned with transforming the results from
the model into viable options. Within the system there exists a dual decision mechanism
whereby each LRI (calculated) value is compared against a predicted class label to determine
the appropriate response required from the system. In this context the LRI(t) represents the
risk index, C(t) represents the predicted class and the decision function D(t) can be expressed
as follows [20]:

Safe, LRI(t) < 14
D(t) = {Warning, 7, <LRI(t) <1, 1y
Critical, LRI(t) = 1,

Within the above expression, T: and 1> represent predetermined thresholds typically
derived during calibration. The classification result C(t) will also be utilised to validate and
marginally revise the predetermined threshold decision, thereby reducing the incidence of
false alarms within the system that may occur infrequently throughout timeframe.

After the final determination is made, the system generates multiple tiers of alerts. When
the warning threshold has been met, caution alerts are sent that indicate a moderate risk state.
When the system detects a high risk level, it prepares for potential intervention. When the
system has reached critical status, it will immediately activate a traffic diversion and issue
emergency public alerts. The layered approach allows for better detection of early indicators
of instability and less disruption to traffic flow.

In conclusion, this proposed solution will provide reliable early warning of landslides
through the use of real-time sensing, hybrid learning, and structured decision making, along
with efficient traffic management in valley areas.

4 Intelligent Traffic Diversion Model

4.1 Traffic Control Strategy

The component dealing with traffic control is driven primarily by identification of the
geotechnical risk assessment and implementing coordinating field level control actions which
include interfacing with roadside traffic infrastructure (mainly traffic signals) and variable
message signs for directing vehicular movement in the vicinity of the affected area where
geotechnical hazards exist. When the potential landslide risk is detected then control
commands are sent to shift the signal phases and, also to display either the advisory or
restrictive messages on the VMS boards, that is what makes sure drivers get timely
information before they even enter those unsafe road segments.

Let the current traffic situation on road segment i at some time t be called S_i(t), and for
every such i and t we assume that S_i(t) € {"Open", "Restricted", "Closed"} not just any
value}. The shifting of this state depends on the evaluated risk index, LRI(t). A control
approach can be described as, but the exact expression comes next, namely [21]:

5:() = f(LRI(®), pi(®)) (12)

In manipulating the variable pi (t) to represent traffic density on segment i, as the risk level
increases the system moves from operating normally to limiting access to the affected area, to
eventually closing that area completely. Traffic signals are adjusted in real-time to limit inflow
into the affected area, while auxiliary VMS boards provide drivers with directional
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information (e.g., “Diversion Ahead” or "Road Closed — Landslide Risk"). Together, the
combined efforts of these systems will minimize the occurrence of unexpected congestion
while achieving a greater degree of driver compliance.

4.2 Diversion Algorithm

Once a road segment has been classified as not safe, Alternate route options must be
quickly evaluated to allow continuous movement (no slow down effect) of traffic through the
affected area. The road network is modeled as the weighted graph (G=(N,E)) where (N) is the
set of intersections, and (E) is the set of road segments. For each edge (e {ij}) connecting
nodes (i) and (j), a cost function is assigned, it takes into account both travel distance and the
risk level [22]:

Where d;; is the physical distance, R;;(t) represents the normalized risk for the segment,
and A is the weighting factor that penalizes the dangerous routes a bit , this kind of set up
makes sure that routes that pass through those high-risk zones are avoided even when they end
up being shorter on distance. because the cost adds up both things together.

After that, the optimal diversion route is obtained with Dijkstra’s algorithm or using the
A* search algorithm. The main objective is to find the path (P**) that minimizes the overall
accumulated cost [23]:

P* =arg ",}2}, Z Ci; () (14)
(@i.))ep
Where (P) kind of basically refers to the set of feasible paths that run, between the source
and destination. The algorithm gets launched whenever the risk level changes, so dynamic
rerouting of the vehicles is able to happen, quite literally in real time. For A* in particular, the
heuristic function (h(n)) is also used to speed up the search process, especially when the road
network has a large number of nodes.

4.3 Automation Logic

The onset of traffic diversion is based on a control scheme regulated by a threshold limit
associated with the computed risk index of landslides. When the risk index exceeds its
threshold y (i.e. y <risk index), the segment of the road is deemed unsafe and the control logic,
defined by the decision rule in [24], will activate traffic diversions for an indefinite duration:

If LRI(t) >t = S;(t) = Closed (15)

Once this condition is valid, the Traffic Management Process is activated. The traffic
signals for the impacted road segment are changed, thereby locking the traffic signal state; the
number of vehicles entering the impacted area is reduced; the diversion algorithm runs
determining the next best alternate route for motorists; notification on new alternate route
options is provided to the driver through VMS and/or through related mobile notification
systems (when available).

In order to support the decision-making process, a delay parameter "8" is introduced. This
parameter will reduce false or misleading decision-making when there are very small (and
sometimes annoying) sensor reading variations related to decisions made regarding the
operational status. The new or modified decision rule is represented in [25]:
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If LRI(t) > 7 for duration § = Activate Diversion (16)

Thus, this temporal trigger provides additional stability for the system since it eliminates
false activation from traffic diverts. Coordination between risk detection and management of
traffic provides an opportunity to send vehicles away from at-risk areas with minimal delay,
regardless of the conditions or stability of the area.

Road Network in Valley Region
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Fig. 3. Intelligent Traffic Diversion Model Based on Risk-Aware Shortest Path Routing.

The map-style representation of the road network is shown in Fig. 3. Each road segment
is assigned a cost that relates the distance travelled along that road and the risk of landslide
occurring on that road. Certain roads subject to increased risk will be removed from the
network when the associated risk level for those roads increases. The shortest path method
will ultimately be used to choose the best diversion route for vehicles travelling to their
respective destination, as this process will contribute to a safer environment for vehicles
travelling through at-risk areas. However, since the original source does contain some
interruptions, please see the next paragraph for more information.

5 Experimental Setup

5.1 Study Area

This study involved an experimental assessment that was performed using a combination
of a simulated valley setting with elements observed in landslide prone areas located in India
(Uttarakhand). More specifically, the terrain employed for this study featured steep slopes,
connector roadways with curved alignments, and various potential rain events that could
coincide with positive slope failure; with slope gradient elevations ranging between 25° and
45% treated as problematic slopes. Rainfall events were included based on past data of
monsoon rain event intensity, maintaining the realism of the experimental setups.

10
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With respect to the roadway, connected segments were designed to resemble the
approximate valley topography; allowing for evaluation of both the performance of landslide
detection methods and for the comparison between various methodologies related to traffic
diversions; all within the same coherent framework.

5.2 Dataset

The experimentation involved the use of both simulated data and publicly available data.
Under simulated conditions, the participating sensors would be able to generate time series
data for all measured parameters, such as vibration, tilt, moisture content and precipitation.
The simulated time series would be created across multiple environmental conditions (e.g.,
both normal and abnormal operating conditions). As such, each time series can be different,
thus there will be both normal and abnormal states of each measurable parameter that could
potentially negatively affect slope stability. The real world portion , especially the rainfall
intensity and slope observations, is added to boost the model’s generalization ability, slightly
more than usual.

So overall, this dataset can be written as [26]:
D = {X(0), y()} (17)

where X(t) shows the input feature vector, and y(t) points to the matching class label (Safe
Warning, or Critical). The dataset is broken up into training as well as testing subsets using
the usual 70:30 ratio, more or less.

Table 2. Dataset composition and characteristics
Data Source Parameters Included Samples Purpose
Simulated Sensor Data | Vibration, Tilt, Moisture, Rain 12,000 Model training
Real Landslide Data Rainfall, Slope indicators 3,500 Model validation
Combined Dataset All features 15,500 Final evaluation

5.3 Implementation Tools

The proposed framework gets implemented through a kind of mix of software and
hardware platforms where Python is used as the main setting for developing the machine
learning models, i.e. Random Forest and LSTM, with support from libraries like NumPy,
Pandas, as well as TensorFlow. MATLAB is then brought in for the cross validation, and also
for the numerical check of the risk index formulation plus the filtering techniques . Arduino
IDE is employed for the sensor level simulation and data acquisition emulation, so it can
generate real time data streams that imitate the conditions of the actual field deployment , more
or less.

This integrated the setup which enable s controlled yet realistic assessment of the proposed
system under varying environmental and operational conditions , so that everything works in
a kind of true to life way.

11
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Table 3. Implementation tools and functionalities
Tool/Platform Functionality Role in Study
Python Machine learning and data processing |Model development
MATLAB Numerical analysis and validation Algorithm verification
Arduino IDE Sensor simulation and data acquisition|Hardware emulation

6 Results and Discussion

The system that was proposed got evaluated on the combined dataset described earlier, and
there the attention was put mostly on predictive accuracy, response time as well as operational
reliability. The outcomes show that using multi-sensor inputs together with the hybrid learning
approach, plus an automated traffic management layer, works well under the conditions that
were assumed.

6.1 Performance Metrics

For the landslide prediction model, we assessed performance with the usual classification
metrics. Accuracy (Acc) is understood as the share of cases that were predicted correctly
compared to the full set of samples, so it becomes the main indicator for model performance
[27-30]:

Acc = TP+TN 18
“CTTP+TN+FP+FN (18)
Precision (P) and recall (R) are computed as:
TP TP

= R = (19)
TP + FP TP+ FN
The F1-score is obtained as:
F1=2. LR 20

" P+R (20)

The false alarm rate (FAR) is defined as:

FP
FAR = —— (21)
FP+TN

Then there is also detection time, which is basically the time window between the moment
abnormal signs appear and when the system actually reacts. In other words, it describes how
fast the method responds once suspicious landslide conditions are sensed.

Table 4. Classification performance of the proposed hybrid model

Class Precision Recall F1-Score
Safe 0.95 0.97 0.96
Warning 0.93 0.92 0.92
Critical 0.96 0.94 0.95
Average 0.95 0.94 0.94

Overall, the system reached 95.2% classification accuracy which is in line with what we
expected. The false alarm rate came out to 3.8% , showing it can separate routine situations
from potential risk cases in a steady way. The average detection latency was about 1.4 seconds,
so it aligns with real-time operation needs.
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7 Advantages of Proposed System

The implementation of a proposed system to monitor conditions in a valley prone to
landslides provides many helpful benefits. Key among these is the ability to track nearly
continuously how the slope is changing due to collecting and transmitting data from sensors
in real-time. This allows the system to identify early warnings signs of slope instability as soon
as they occur and to reduce reliance upon periodic inspections to determine if work is needed
on slopes.

In addition, the system's favourable prediction capability is achieved through building
predictive models using data combined with multiple sensor sources to predict the likelihood
that a landslide will occur before it actually happens. The benefit of using temporal learning
assists with providing reliable predictions. Temporal learning allows predictive models to
detect changing environmental conditions, often on a very short timeline.

The fact that the developed system provides both a geotechnical monitoring function while
at the same time providing traffic management activities is unique. As a result, risk assessment
data derived from geotechnical slope monitoring can readily be applied to manage traffic
activities such as restricting use of specific roadways or redirecting traffic around the impacted
area. The geotechnical monitoring equipment detects slope instability hazard conditions but
also assists traffic managers in quickly responding to protect road user safety before a slope
fails by providing reliable information for timely decision-making.

Additionally, the system is designed with modular sensor nodes that can easily adapt to
different deployment locations. This creates the possibility of future expansion of the system
using additional sensor nodes and wireless communication technology to implement the
system throughout the road network, thereby expanding the utility of this system as a whole.
Additionally, the design of the sensor nodes and the associated communications allows for
streamlined integration between centralized monitoring of sensor data and automated
intervention systems that will assist in establishing safe roads and more effective management
of transportation systems.

8 Limitations

While there are many benefits of the proposed solution, there are limitations that should
also be considered before implementing the solution. A major concern regarding the reliability
of the proposed system is that it relies on continuous, uninterrupted acquisition of data from
multiple sensors in order to provide accurate predictions. Therefore, if one of the sensor
systems were to become defective for any reason or the sensor were to inadvertently shift from
its calibrated position, then sensor reading would become erroneous. This could create
significant negative impacts on the accuracy of the forecasting and forecasting accuracy would
suffer especially if the forecast period was affected by extreme weather or environmental
conditions.

The system also uses wireless communications to send/receive data from remote areas of
Folk Valley, that connect back to the main processing unit. If the connection is poor and/or
the signal is blocked due to a mountain, your data may not be available when you need it thus
creating delays and/or data loss; thus, delays and data loss may have an impact on when a
decision should be made in an emergency (i.e., needing to respond within a very short time),
due to decreased and/or no connection.

In addition, there is also a lack of datasets available and quality of those datasets. Although
simulation data can help model real-world conditions, there is still a limitation to the available
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databases of labelled landslide data and therefore less number of training samples that the
model has access to, which may impact the performance of the model when used in other
geographical areas or in areas that exhibit significantly different landslide patterns. These
limitations indicate that regular maintenance of the sensors, reliable communication
infrastructures and the need for large diverse datasets are very important.

9 Conclusion

This study examines how to detect landslides and maintain safe travel in mountainous
valleys as quickly as possible through the use of integrated sensor systems. The overall
approach combines ongoing continuous monitoring with forecasting to produce a traffic
response to hazardous conditions, thus alleviating a common shortcoming of conventional
methods that react to landslides only after they occur.

The findings are very encouraging, as The Model was able to accurately predict landslides
and have a low number of false alarms; moreover, the system was able to provide timely
responses to requests for traffic rerouting. The study also indicates that the proposed approach
is capable of providing reliable performance under elevated workloads regardless of
environmental conditions. Although one must expect some variability in nature's behavioral
patterns, significant changes may make it difficult for a previously established baseline to
perform as intended.

By utilizing a combination of geotechnical sensors and smart traffic management systems,
the doings provide a clear pathway for improving safety through reducing traffic congestion,
reducing exposure to single point risks, and increasing the likelihood of smooth flowing traffic
when road surface conditions change unexpectedly. The setup is a good fit, for
implementation, for rolling out in areas prone to landslides and aside from this, it can enhance
disaster preparedness and is conducive to developing more secure networks of public
conveyance in rugged land areas, and so on it really is a well-thought-out medium rather than
something very limited.
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