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Globally, hydro-power has been considered the cheapest renewable source of energy. 

This form of energy production entirely depends on the water levels which in turn 

causes a major concern of ensuring that the monitoring systems involved are capable 

of ensuring monitoring in the prevention of disasters. The disasters involved range 

from floods and drought conditions that would lead to low power production led by 

lack of enough water draining in the reservoirs'. Several systems have been implement-

ed towards coming up with a convenient and efficient monitoring system. With the 

freedom given to software developers in developing the systems, evaluation of the 

performance of the system must be performed to enable this transformation. There-

fore, the study selected n already existing real-time monitoring system using Lora 

Technology in hydroelectric monitoring to conduct the performance validation. A total 

of one hundred and twenty readings were taken to be validated with the other models 

used. Consistency, accuracy, latency, and throughput were the metrics used to validate the IoT-based model's performance. 

During the performance validation, the study found that the system achieved all the functionalities expected in its assessment. 

Therefore, IoT-based systems have the potential to inform future hydroelectric monitoring practices  
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Introduction 

Energy can be classified as either renewable [1] 

or non-renewable [2]. Hydropower is currently the 

most successful form of renewable energy in Ken-

ya [2]. According to the national energy policy Act 

2018, hydro-power is estimated to have a poten-

tial of up to 6000 MW as of 2017. Hydropower 

generation is equally vulnerable to variations in 

hydrology and climate change leading to the re-

duction in water levels in the reservoirs [2]. Inade-

quate storage capacity in the existing power gen-

eration plants is also among the challenges pre-

sent [3].  
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Previously models have been used in other are-

as to monitor the entire process of hydropower 

generation and management.  Barros analyzed 

the operation of the hydropower generating mod-

els observing some of the parameters like water 

inflow, energy generation and also the water pres-

sure [3]. This monitoring process of the water lev-

els in the  

Hydropower Plants were being optimized 

through the use of nonlinear programming tech-

niques. However, the model also had challenges 

to detect the probability of an error in the trans-

mission model. Garrido et al. on the other hand, 

developed a model that made use of a data simu-

lation tool that would be used in the plants for 

the run-off water in the rivers that fed the reser-

voirs by adjusting its configuration parameters 

and achieving good correlation between the two 

models involved which are the real data and corre-

lation models.  

The climate change effect taking place in the 

world has led to hydropower challenges; a rise in 

water levels as well as some regions suffering 

from prolonged droughts or floods[4]. This has 

led to an increase in the need for a secure and reli-

able model that can be able to predict the water 

patterns thus enabling the decision of power con-

sumption in the country that’s directly. The gov-

ernment in the need to sustain the power need in 

the country with the increasing population would 

therefore put in measures like additional water 

storage capacity among others.  

The current models that monitor hydrological 

data are aimed at monitoring the water distribu-

tion patterns as well as the storage capacity. How-

ever, the need to embrace technology that moni-

tors the performance of the technology in place 

for hydro-power production has not been put in 

place. IoT (Internet of Things) technology de-

scribes the physical objects that are embedded 

with sensors [5] that can process connect and 

exchange data with other devices in the models 

over the internet [1]. This technology is effective 

as it allows wireless connection of elements that 

would be used to collect data, visualizes, and 

store data in models that would enable correct 

implementation when in decision making. Several 

IoT technologies have been used in the past in-

cluding sigfox [6], LoRA WAN (Long Range Wide 

Area Network) [7], and Narrowband [8] Internet 

of Things NB IoT. All of them are low-power tech-

nologies that could be used in a wide area. 

LPWAN (Low-Power Wide Area Network) technol-

ogies played a crucial role in monitoring hydrologi-

cal data by enabling long-range and low-power 

communication between devices. These technolo-

gies are designed specifically for applications that 

require long-range connectivity while operating 

on low power consumption, making them ideal 

for monitoring remote areas and transmitting da-

ta from various hydrological sensors. They ena-

bled efficient data collection, transmission, and 

analysis, enabling better decision-making in water 

resource management, flood prevention, and envi-

ronmental monitoring. 

The use of open source platforms has allowed 

monitoring of big data [9] projects at reasonable 

rates and as a result Several applications of open 

source monitoring models have been developed 

including the hydrological smart irrigating models, 

smart parking, smart light detectors as well as 

water quality monitoring models using the Ar-

duino MKR WAN 1310 technology. In this re-

search, LoRA technology was embraced.  It is a 

low-power wide-area technology developed that 

enables a wide range of new IoT devices. It also 

improves the power consumption of the user de-

vices, model capacity, and spectrum frequency. It 

has a long battery life going for up to about 10 

years. The technology can co-exist well with 2G, 

3G, and 4G networks. Looking at the nature of 

the research the environment  

to place the devices that act as the sensors 

does not support the usage of Wi-Fi network [10]

or the Ethernet. Wi-Fi networks and Wi-Fi-based 

appliances lose their connection to the various 

sites due to password changes or router changes 

thus not very reliable. The model will require a 
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measuring and signal transmission device that can 

be used without power and thus adopting the Lo-

RA. The model is a real–time that considers close 

monitoring of the parameters being observed. 

Once the correct data reading is collected and 

passed to the cloud the sites to be streamed data 

were essential to allow data visualization as well 

as the process of real-time monitoring.  The suc-

cess of the monitoring model led to the develop-

ment of the data sites where in this research we 

used to use The Things Network [11]. Several 

sites are available including the things speak how-

ever; this site supports only the LoRA WAN tech-

nology. Using the wireless internet mode of com-

munication data was appropriately sent to TTN. 

Several studies have shown regular data transmis-

sion over shorter distances using manual technol-

ogy and none supported the long-range wireless 

transmission of data for over 80kilometers dis-

tance over an uninterrupted medium. Therefore 

the early system of monitoring contributed signifi-

cantly to the efficiency of data transmission. Vali-

dation [12] is an activity usually done by research-

ers after the data collection process 

To show the effectiveness of one model over 

the others based on some specific performance 

metrics. According to [13], during the model eval-

uation, the evaluation goals must be well defined, 

have specific user interface evaluation features, 

and have clearly defined usability metrics. The 

need to validate the performance of the models 

has increased because of the need to establish 

efficiency and effectiveness at the places of model 

usage. According to [13], validation of the mod-

el's performance means assessing the achieve-

ments in hardware, software, computer networks, 

data, and human resource upgrade and improving 

the quality of performance. The performance vali-

dation method is used based on analysis of the 

resource consumption as well as its influence on 

the hardware application. According to [14], met-

rics are criteria used to compare performance. The 

metrics that were used in the real monitoring 

model were; Accuracy, consistency, latency, and 

throughput of the data. The study aimed at vali-

dating the performance of the real-time monitor-

ing hydroelectric model that had been developed. 

This monitoring model of the hydroelectric ena-

bled collection of the data readings that would be 

validated as well as obtaining secondary data 

from the dataset developed in the model too.  

Previous studies have validated the perfor-

mance acceptance [15] and usability validation 

[16] of IoT technologies, especially in short-range 

operations. These studies have examined whether 

the validated models have worked as expected in 

complete usefulness and user satisfaction. How-

ever, there is a need to validate the performance 

of the Lora technology in real-time monitoring of 

the hydropower plants. These led to the author's 

motivation to begin the research work related to 

performance validation of the real-time monitor-

ing due to cases of data loss and system break 

down thus leading to a lack of proper data moni-

toring methods during transmission and storage 

especially when there is an interrupt. The article is 

organized in the following structure. The material 

and methods section includes the performance 

validation conducted on the IoT-based model for 

real-time monitoring of the hydroelectric plant. 

The results present the outcomes of the valida-

tion. The discussion section describes the signifi-

cance of the results obtained and the conclusion 

section gives a summary of the work. 
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Figure 1: A Real-Time Monitoring Lora Model  

Architecture[21] 
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Materials and Methods 

Performance validation of IoT models is an es-

sential task in research to enable one to justify 

the importance and significance of using fast-

growing IoT technology to solve real-life issues. 

Therefore, embedded software [17] developers 

need to understand the LoRA IoT technology ap-

plications' performance after developing them. 

Using a real-time monitoring model in hydroelec-

tric power plants, the study conducted perfor-

mance validation to confirm that the model devel-

oped worked as expected to satisfy the user 

needs which in this case was the hydro-electric 

power monitoring. The study was carried out in 

Kenya in Murang’a County at Wanjii station which 

is part of the small hydro-power plants registered 

under the KenGen. Two rivers monitored that feed 

the water in the wanjii station reservoir namely 

river Mathioya and river Maragua. The choice of 

selecting this hydro-power station was because 

the researcher needed to deploy devices to a clos-

er location for monitoring and also to save on op-

erational costs of having to travel long distances 

to capture and observe data. During data collec-

tion, systems had real-time data being captured 

but for purposes of future analysis, secondary da-

ta was held and stored in cloud storage. During 

data collection, readings from the sensors were 

transmitted at an interval of five minutes per read-

ing. This means that within one hour a total of 

twelve readings were supposed to have been 

transmitted to the TTN application server from the 

sensors, and later stored as secondary data in the 

cloud storage.  

Therefore while performing the validation of 

this study a total of twelve readings at different 

intervals each were captured meaning that valida-

tion was done in hourly data collection readings. 

The arduino micro-controller [18] [19], the gate-

way [20], the Sensors and the TTN application 

server together with the cloud server were all in-

terconnected to enable collect the readings that 

showed the results of the validated data from the 

IoT model for monitoring hydro-electric produc-

tion.  

The model's consistency [13] was measured by 

taking two water level and temperature readings 

from the same points to see the variations be-

tween the two readings collected from both pa-

rameters monitored. 

 While the consistency indicator [14] was being 

measured, we took a total of twelve readings 

within an hour. The readings were taken twice one 

after the other from the sensors capturing tem-

perature and water level. The latency performance 

indicator was used to monitor the delay time it 

took from when the data was collected and read-

ings are taken and when the readings got to the 

TTN application server. A total of ten readings 

were used to compute the latency observed from 

the research model. 

 The model's accuracy performance indicator 

was tested by observing the readings obtained by 

capturing the parameters of water level, tempera-

ture, and humidity using the manual devices and 

other separate readings taken using the IoT model 

devices that used the LoRA technology. A total of 

twenty-four readings were captured to test the 

accuracy. The performance indicator for accuracy 

computed the percentage error rate that was pro-

duced during the readings capturing process.  

 

Results 

The study towards validating the performance 

of the model used the following indicators, laten-

cy [22] , throughput [23] , accuracy[24] , and 

consistency. Each of the metrics was analyzed as 

follows:  

 

A) Consistency  

The model's consistency was observed and 

monitored by taking the manual temperature 

readings, water level readings, and humidity read-

ings within the specified timeline over one hour at 

an interval of five minutes for the next reading to 

be taken. This means that within an hour an esti-

mated total of twelve readings were captured. 
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Two separate one-hour readings were taken giving 

a total of twenty-four readings captured on an 

hourly basis. The two separate hourly readings 

were meant to observe the variations of the read-

ings to capture the metric of consistency.  

It was found that readings 1 and readings 2  for 

water level, and temperature readings were 

strongly and positively correlated with the data 

collected from the same point at different time 

frames using the same devices. They correlated at 

(r=0.906,p<0.000) (table 1). On the same param-

eters readings for readings 1 and readings 2 on 

the LoRA technology IoT devices, there was no 

significant average difference between the two 

readings (t12= -2.232 for the water level parame-

ter and (t12 = -2.27 for the temperature parame-

ter readings, and (t12 = -2.268 for the water level 

readings). The test seemed logical because the 

two water levels and temperature readings were 

similar. On average, the confidence level between 

the two pairs of data the difference observed was 

very minimal as from the table above. From the 

temperature readings, the difference observed 

was (1 to -0.391) while the humidity readings (1 

to 1) and the water level readings ranged (1 to -

0.248). This indicated that the confidence level in 

the readings and the difference between the tests 

was extremely minimal and thus the LoRa model 

produced consistent results. On average the read-

ings on test 1 for humidity were more than those 

of test 2 by (1.08), the temperature difference 

between test 1 and test 2 was (1.1) and the water 

level readings difference between test 1 and test 

2 was (0.611), if you keenly observe the differ-

ence between the average readings from the two 

test readings you realize it is very minimal and 

that confirms that the model we used using the 

LoRA technology produced consistent results. 

 

B) Latency 

The performance metric latency showed the 

delay time taken in the model between when the 

data readings were sent from the sensors and the 

time it took for the next reading to be observed 

from the TTN which is the application server 

where live readings of data real-time monitoring 

was taking place.  

N from the table below indicated the total num-

ber of readings that were used to validate the la-

tency metric. A total of ten data readings were 

used to calculate the delay time. From the table 

below it was observed that the minimum time tak-

en for data transmission from the sensors to the 

gateway for transmission to the database for live 

storage and live data capturing was six micro-

seconds while the maximum time taken was eight 

micro-seconds. 

 The average time taken out of the ten data 

readings was 0.72 micro-seconds and the stand-

ard deviation stood at 0.539. This illustrated that 

despite the long-range mode of data transmission 

being used on the IoT technology, the delay time 

was very minimal or almost insignificant as it was 

actually below ten seconds. Therefore it showed 

that the latency experienced with the model was 

not significant and thus the model performed effi-

ciently with less to insignificant delay time.  

C) Accuracy 

The accuracy metric was used to test the com-

parison between temperature readings and the 

water level readings observed from the Lora mod-

25 
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Table-1: Consistency perform ance test 
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el and was closely compared to those obtained 

from the manual water level meter reader for the 

height of the water level and the normal ther-

mometer used to capture the temperature.  

The table below showed data analyzed for 

paired sample T-Test. It was found that the water 

level and temperature readings from the LoRa 

module had a high correlation and were positively 

and strongly correlated (r=0.903,p<0.000) while 

the manual devices readings had a 

(r=0.889,p<0.000), This implies that the measure-

ments were both consistent and the two devices 

were logical and consistent.  

On the reading for Manual devices, there was 

no significant average difference between the two 

readings (t12= -2.271, p<0.557). On Temperature 

and water level for LoRa devices, there was no sig-

nificant average difference between the two read-

ings (t12=-2.268, p<0.442). This implies that the 

two devices gave almost the same readings which 

seemed logical. 

On average, the manual Devices readings were 

less than the Lora module by 0.762 readings (95% 

CI [-2.377, 0.853] in addition, the manual devices 

readings were more than the LoRa module by 0. 

952 readings (95% CI [-0.331, 2.236].  

In conclusion, the study illustrated that the dif-

ference between the manual devices used and the 

IoT technology LoRa model used was extremely 

minimal and thus the LoRa IoT model is also accu-

rate when compared to the manual device.  

 

D) Throughput  

Throughput is an indicator of the total amount 

of data that is transmitted within a given amount 

of time. With the study, readings were set to be 

captured at an interval of 5 minutes; this means 

that within an hour which is 60 minutes, 12 read-

ings were supposed to be captured. The table be-

low illustrates the actual total readings captured 

100% as expected, and therefore the model pro-

duced the required output as required and operat-

ed as expected with zero error in transmission  

 

 

Discussion 

This section of our research study was used to 

validate the performance of the IoT-based model 

for hydroelectric power generation monitoring in 

Kenya, Wanjii station situated in Murang’a Coun-

ty. This is a critical activity in this research as it 

justifies how much better our model is as com-

pared to the other models in the aspects of per-

formance. The two things that determined the 

performance of the model were the interface and 

the applications used on the end nodes to collect 

the data. In the validation of the performance 

metrics [14], the following were used; latency, 

throughput, consistency, and lastly accuracy. 

In the validation, the LoRa model for hydro-

electric monitoring resulted to produce consistent 

results where the readings were taken from the 

same point of sensor data collection at alternate 

periods and the difference between the two test 

readings was extremely minimal and thus it illus-

trated that the Lora model was effective as it pro-

duced consistent results. The model's latency was 

extremely minimal and thus showing that its re-

sponse time was very high. The average time tak-

26 

Table-3: Accuracy paired sam ple data  

Table-4: Throughput table  
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en out of the ten data sample readings was 0.72 

seconds and the standard deviation was 0.539 

seconds;  Thus there was no prolonged delay in 

the data transmission. The device was also accu-

rate compared to the manual devices used previ-

ously in the hydro-plants. The parameters meas-

ured were all closely related and showed to be 

accurate. The manual gadgets and devices used 

acted as control devices to be compared to the 

IoT model developed to validate the accuracy met-

ric. Therefore, the study found the IoT LoRa model 

to be very reliable with an actual error rate insig-

nificant.  

 

 

Conclusion 

The IoT-based model for hydroelectric monitor-

ing has shown a great need for the hydroelectric 

production sector to adopt a reliable monitoring 

model to be well prepared for disaster manage-

ment whether it's floods or drought. In future 

work, the research could be improved to come up 

with a model that can monitor the entire system 

including the turbine and valve operations and 

monitor the performance as well as faults and 

leakages. This great impedance would be very well 

adopted especially in developing countries as it 

illustrated a high response rate, accuracy, con-

sistency, and hundred percentages in throughput. 

In short, the model can inform very critical deci-

sions regarding the hydro-power plants' policies 

and future predictions in the monitoring model.  
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