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Abstract: This study presents a wireless photovoltaic fault monitoring system integrating an
STM32 microcontroller with an Improved Horned Lizard Optimization Algorithm (IHLOA)
and a Multi-Layer Perceptron (MLP) neural network. The IHLOA algorithm introduces three
key innovations: (1) chaotic initialization to enhance population diversity and global search
capability, (2) adaptive random walk strategies to escape local optima, and (3) a cross-strategy
mechanism to accelerate convergence and enhance fault detection accuracy and robustness.
The system comprises both hardware and software components. The hardware includes
sensors such as the BH1750 light intensity sensor, DS18B20 temperature sensor, and INA226
current and voltage sensor, all interfaced with the STM32F103C8T6 microcontroller and the
ESP8266 module for wireless data transmission. The software, developed using QT Creator,
incorporates an IHLOA-MLP model for fault diagnosis. The user-friendly interface facilitates
intuitive monitoring and scalability for multiple systems. Experimental validation on a PV
array demonstrates that the IHLOA-MLP model achieves a fault detection accuracy of 94.55%,
which is 2.4% higher than the standard MLP, while reducing variance by 63.64% compared to
the standard MLP. This highlights its accuracy and robustness. When compared to other
optimization algorithms such as BKA-MLP (94.10% accuracy) and HLOA-MLP (94.00%
accuracy), the IHLOA-MLP further reduces variance to 0.08, showcasing its superior
performance. The system selects voltage as a feature vector to maintain circuit stability,
avoiding efficiency impacts from series current sensors. This combined hardware and software
Copyright: © 2025 by the authors. approach further reduces false alarms to 0.1% through a consecutive-judgment mechanism,
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1 Introduction weight vectors and bias vectors, play a decisive role in
the final results, hence optimizing these parameters can

Machine learning-based photovoltaic fault detection ~ lead to better performance™. In this regard, Mohamed
systems have been widely applied ). Common machine ~ utilized the Genetic Algorithm (GA) for structural
learning algorithms include Fuzzy C-means clustering, optimization of the ANN model, surpassing the
Support Vector Machines, and Artificial Neural Networks performance of traditional ANN models and achieving an

(ANN) 2* The parameters of the ANN model, such as average accuracy rate of 97.63% for different fault
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detections!®. Eldeghady employed the Particle Swarm

Optimization (PSO) algorithm to optimize the
Backpropagation Neural Network (BPNN), combining
the local search capability of BPNN with the global
search capability of PSO. Compared to traditional BPNN,
this model showed an 8% increase in accuracy !”. Yu et
al. used the improved Ant Colony Algorithm (ACA) to
optimize the center and width of the Radial Basis
Function Neural Network (RBFNN). The RBFNN
optimized by ACA is characterized by fast convergence
and high diagnostic accuracy ™. From this perspective,
machine learning algorithms have made significant
strides in photovoltaic fault detection systems, with
diverse techniques employed to enhance diagnostic
accuracy. However, practical implementation faces
numerous hurdles, such as fluctuating environmental
conditions, the intricate nature of photovoltaic systems,
varied fault categories, and the substantial computational
overhead of machine learning models. Furthermore, these
algorithms commonly grapple with limitations like
susceptibility to local optima, sluggish convergence rates,

performance sensitivity to parameter tuning, and
diminished exploration capabilities during iterative
optimization'”’,

To address these issues, this paper adopts an
improved Horned Lizard Optimization Algorithm
(IHLOA) with chaotic mapping, random walk, and cross-
strategy to optimize the weight vector and bias vector of
the MLP. The algorithm 1is compared with other
algorithms such as the Artificial Protozoa Optimizer
(APO) "% Bitterling Fish Optimization (BFO) "), Partial
Reinforcement Optimizer (PRO)!"¥, Horned Lizard
Optimization Algorithm (HLOA) (13 Hippopotamus
Optimization Algorithm (HO) "*, Lungs Performance-
Based Optimization (LPO) !*!| Electric Eel Foraging
Optimization (EEFO)!"® Love Evolution Algorithm
(LEA) ") Newton-Raphson-Based Optimizer (NRBO) "™,
Football Team Training Algorithm (FTTA) "), Black-
winged Kite Algorithm (BKA)", and Goose Optimizer
(GO) . Additionally, a data acquisition subsystem is
constructed and the collected data is transmitted to the
upper computer. The IHLOA-MLP model is loaded onto
the upper computer, and the transmitted data is used for
photovoltaic fault monitoring, thereby establishing a
wireless photovoltaic fault detection system.

2 Fault Diagnosis Model

2.1 Multi-Layer Perceptron (MLP)

The MLP is a neural network architecture
comprising an input layer, multiple hidden layers, and an
output layer, where neurons in each layer establish full
connections with all neurons in adjacent layers [**). The
nonlinear processing capability of MLP stems from its
utilization of nonlinear activation functions in each
neuron, enabling effective resolution of complex pattern

recognition tasks. However, MLP performance exhibits
critical sensitivity to parameter configurations, particularly
weight initialization and bias optimization. To mitigate
this limitation, this study introduces the Improved Horned
Lizard Optimization Algorithm (IHLOA) for systematic
parameter tuning. The MLP model constructed in this
paper consists of two hidden layers with 10 and 15
neurons, respectively.

2.2  Horned Lizard Optimization Algorithm
(HLOA)

The HLOA is a metaheuristic optimization algorithm
that simulates the survival strategies of horned lizards,
proposed by Peraza in 2024. Its inspiration comes from
the biological behaviors that horned lizards adopt when
facing predators, including hiding, skin color change,
blood squirting, and escape strategies. When threatened,
horned lizards integrate with their surroundings to evade
predators, making them difficult to detect. Another
defensive strategy is to flee, and additionally, when
threatened, these lizards will adopt aggressive strategies,
such as expelling a short burst of blood over a meter
away. Furthermore, horned lizards can lighten or darken
their skin to better conceal themselves.

2.3 IHLOA -MLP

To enhance the performance of the HLOA, this
paper employs logistic chaotic mapping **!, random walk
strategy **!, and cross-elbow strategy ) to optimize the
Horned Lizard Algorithm, resulting in the [HLOA.

The THLOA is used to optimize the weight vector
and bias vector of the MLP, thereby obtaining the
"optimal" MLP model, as shown in Fig. 1. The specific
process of this algorithm is as follows:

1. Set the basic parameters for the MLP and the
algorithm: the number of neurons in the input layer of the
MLP (determined by the dataset), the number of neurons
in the hidden layer (2 hidden layers with 15 and 20
neurons respectively), the number of neurons in the
output layer (1), the number of iterations (500), the
population size of the optimization algorithm (set to 50),
the dimension of the individual (determined by the
dataset), and the maximum number of iterations (200).

2. Initialize the weight vector and bias vector.

3. Use a chaotic algorithm to initialize the
population individuals.

4. Calculate the fitness value of the population
individuals through the objective function, and determine
the current optimal value.

5. Determine if the fitness value has not changed for
5 consecutive times; if so, introduce a random walk to
update the individual's position and jump to step (9).

6. Decide whether a color change is needed; if yes,
update the individual's position and jump to step (8); if
not, then decide whether to escape.

7. Determine whether to escape, thereby updating
the individual's position.
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Fig.1 IHLOA -MLP flow chart

8. Determine if there is a need to change the skin
brightness, thereby updating the individual's position.

9. Determine if the melanin cell ratio is less than 0.3;
if so, update the individual's position.

10. Determine if r; > pv, where r; is a random
number; if yes, then introduce the cross-matrix strategy
and update the individual.

11. Update the position of the
individuals, calculate their respective fitness values, and

population

update the optimal value.

12. Determine if the termination condition of the
algorithm is met. If the algorithm reaches the maximum
number of iterations or the precision requirement, then
end and output the extreme value; otherwise, go to step
(4) to continue the iteration.

13. Use the optimal values obtained from the
algorithm to set the parameters of the MLP and perform
performance evaluation.

2.4 Key Formulas for IHLOA

To enhance the performance of HLOA, the logistic
chaotic mapping, random walk strategy, and crossover
strategy are used, resulting in an Improved Horned Lizard
Optimization Algorithm (IHLOA).

2.4.1 Logistic Chaos Mapping

The logistic chaos mapping is utilized to initialize
the population distribution, thereby increasing the
diversity of the population's search. The formula for the
logistic chaos mapping is as follows:

X1 =rx X, x(1-X,)

Where, X, €[0, 1l,n €[0,N].

(1

2.4.2 Random Walk Strategy

To enhance the search capability of the algorithm, a
random walk strategy is introduced. The random walk
process can be represented by Equation (2).
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X (©)=40, Cussum [27(t1 )= 1], Cusoum [27(£2 ) — 1],

-+ Cussum [2r(tn )_ l]’} (2)
1, rand>0.5
0= 0, rand<0.5 )

Where X (¢) denotes the set of step sizes for the random
walk process; ¢ samtepresents the cumulative sum of the
step counts in the random walk process; ¢ is the current
step count in the random walk process; #, represents the
step count for the n instance of the random walk. 7(¢) is a
random number uniformly distributed in the interval [0, 1].

2.4.3 Crossover Strategy

To prevent premature maturation of horned lizard
individuals, a crisscross strategy is used to enhance the
global search ability.

2.4.3.1 Horizontal Crossover

Horizontal crossover is an algorithmic technique that
operates between two distinct horned lizards, facilitating
arithmetic crossover across all dimensions to encourage
mutual learning among these individuals and enhance the
overall search capability. Initially, each individual is
randomly paired, serving as parents. After the parent
matching, offspring are obtained through Equations (4)
and (5).

MSp =r x MS;, ;+(1 =11 )x MS;, j+cy x(MS;, j— MS,, ;)

“
MSj =ryx MS, ;+(1 =13 )x MS;, j+ca x(MS;, ;) — MS;, ;)

O]
Where MS; ; and MS,,; represent the j dimensional data
of parent MS; and parent MS;,, respectively; MS;./ and
MS/ represent the j dimensional data of the offspring
produced by horizontal crossover; 7 and r;, are a random
variable uniformly distributed on the open interval (0, 1);
¢y and ¢, are a random variable uniformly distributed on
the open interval (-1, 1). The offspring generated engage
in competition with their parental counterparts, with
the ultimate retention of the more advantageous
individuals.

2.4.3.2 Vertical crossover

Vertical crossover is an algorithmic technique that
operates among all horned lizard individuals, performing
arithmetic crossover on two distinct dimensions.
Additionally, vertical crossover generates only one
offspring at a time, avoiding the disruption of other
dimensions that might represent optimal solutions, while
also providing opportunities for stagnant dimensions to
escape from local optima. The offspring individual is
obtained through vertical crossover as described by
Equation (6).

MST =kx MSy, +(1—k)x MS;;, (6)

Where MS;;, and MS};, represent the jjand j, dimensional

data of parents MS;, respectively; &k is uniformly
distributed on the interval (0,1); MS/! is the data obtained
from the vertical crossover of parent MS;; at the j; and j,
dimensions. Similarly, the offspring generated are
subjected to competition with their parents, with the
fittest individuals being ultimately retained.

The definition of pv is given by Equation (7).

L5
ot

Max_iter )

pv= 5 (7)

2 x 1—(

Where Max_iter represents the maximum number of
iterations allowed in the algorithm; ¢ denotes the current
iteration number within the algorithmic process.
Concurrently, a random number 7 is generated, uniformly
distributed on the interval (0, 1).

The IHLOA-MLP pseudocode is as follows:

[HLOA-MLP pseudo-code

Initialize IHLOA parameters: population size (P), maximum iterations (T_max), dimension (D)

Initialize MLP parameters: learning rate (eta), number of epochs (E), number of hidden layers
(L), number of neurons in each layer (H)
Initialize population using logistic chaotic map
fori=1toP
x_i=logistic_chaos_map(mu, D)
Evaluate fitness of initial population
fori=1toP
Initialize MLP with weights and biases from x_i
Train MLP for E epochs
Evaluate fitness_i = f(x_i)
While t <T_max
fori=1toP
if no change in fitness for 5 consecutive iterations

if mimicry with environment
update position of individuals using environment mimicry strategy

ekseif flee
| update position of individuals usingmove-to escape strategy
else
update position of individuals using bloodstream shoot strategy
if worst individual requires skin lightening
update position of individuals using lightening strategy else
update position of individuals using darking strategy
if low melanophore rate
X_i =x_i+rand()*(x_i-x_prev)
if fitness has not changed for T consecutive iterations

X_i=x_i+ sigma * randn(D) // Random walk strategy
else if color change is needed
X_i=x_i+alpha * (x_best-x_i) // Horizontal crossover
else if escape is needed
X_i=x_1+beta* (x_best-x_i) // Vertical crossover
else if skin brightness change is needed
X_i=X_i+ gamma * (x_best-x_i) // Additional
exploration strategy
Ensure the updated positions are within bounds
ford=1toD
if x_i[d] < x_min[d]
x_i[d] = x_min[d]
else if x_i[d] > x_max][d]
x_i[d] = x_max[d]
Initialize MLP with weights and biases from x_i
Train MLP for E epochs
Evaluate fitness_i = f(x_i)
if fitness_i < fitness_best
Xx_best =x_i
fitness_best = fitness_i
Increment t

End While
Return x_best // Optimal weights and biases for MLP
End

Fig.2 THLOA -MLP pseudo-code
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3 System Composition

To address the common challenges of local optima
interference-induced
false alarms in photovoltaic monitoring, this section
systematically elucidates the co-design objectives of the
hardware sensing unit and the IHLOA-MLP algorithm
architecture.

convergence and environmental

3.1 Hardware System

The hardware of this system mainly consists of an
STM32 minimum system (power supply circuit, reset
circuit, clock circuit, debug circuit), BH1750 (light

attery

MPPT Stprage

BH1750/e—1C

DS 18820l

C

PV Aarray

INA266{e—L

;

intensity  sensor), DS18B20 (temperature sensor),
Maximum Power Point Tracking (MPPT) module, battery
pack, ESP8266 (WIFI module), and INA226 (current and
voltage sensor). The BH1750, INA226, and DS18B20
respectively collect current light intensity data, array
output current and voltage values, and temperature data,
and send them to the STM32. The STM32 communicates
with the upper computer through the ESP8266 for data
transmission. The MPPT module steps down the array
output voltage and charges the battery pack. The system
schematic is shown in Figure 1-1. The detailed

information on the sensor hardware can be seen in Figure
1-2 and Table 1, and the overall system is shown in
Figure 1-3.

Host Computer

(€3}

(d) DS18B20; (¢) STM32; (f) MPPT; (g) INA226; (h) ESP8266; (i) BH1750
(2) Related har dware module

(a) Mppt; (b) Stprage batteries; (c) INA226; (d) ESP8266; () DSO8B20; (HBH1750; (g) STM32

(3) Overall system diagram

Fig.3 System diagram



28 Wenbo Xiao et al: Wireless Photovoltaic Fault Monitoring System

Table 1 Sensor parameters

Sensor Measurement range  Operating voltage Accuracy
ESP8266 None 5V None
DS18B20 -55°~125° 35V +2°
BH1750 0~65535 Ix 35V +1 Ix

INA226 Voltage: 0~36 V 2.7~55V +1 %

3.2 Software System
The system is developed in QT Creator with an MLP

Status Bar

E Photovcltai\ofault Monitoring System /

Disconnected

neural network from OpenCV for monitoring. When the
upper computer starts, it shows the connection status with
the lower computer. By adjusting parameter buttons,
users can visualize voltage, light intensity, and
temperature in the QChart module. After the IHLOA-
MLP model classifies the data, the fault type and
indicator light display the results. Once a threshold is
reached, data including time, system number, voltage,
temperature, light intensity, and fault type are stored in a
MySQL database, which users can review via the
historical records button. Monitoring interface of system
can be seen in Figure 4.
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Fig.4 Monitoring interface of system

The system requires configuration of the judgment
count N for updating the fault data after N consecutive
same judgments, the storage interval count M for storing
and plotting data every M judgments, the maximum
values of yl and y2 for the QChart axes, the maximum
storage count for the database with automatic deletion of
the oldest ten entries when exceeded, and the command
sending interval T for generating a timeout signal every T
seconds to request data.

The system is capable of indicating whether a fault
has occurred in the monitored system through the fault
type and indicator light module, and it can also trigger an
alarm. The QChart module displays real-time monitoring
data (such as current and voltage) and plots line charts.
The monitoring data and judgment results are stored in a
database for subsequent review.

4 Validate the fault monitoring
model with experimental data

To wvalidate the performance of the proposed
algorithm, a 3%3 series-parallel combined photovoltaic
array was constructed, shown in Figure 5. The 3%3 series-
parallel experimental solar cell's framework is also
adopted in the literature!®®?”). The photovoltaic array
consists of 9 identical cells. To optimize circuit
performance and protect the cells, shunt bypass diodes
are incorporated in the design. This setup forms a
comprehensive  experimental  solar cell  system
framework. With such a design, it can not only simulate
actual photovoltaic energy conversion scenarios but also
facilitate in-depth analysis and discussion of various
characteristics and issues in the photovoltaic power



INSTRUMENTATION, Vol. 12, No. 2, June 2025

29

generation process. In the experiment, acrylic boards
were used to simulate shading faults, individual or
multiple route wires were disconnected to simulate open-
circuit faults, and two batteries were connected with a
wire to simulate short-circuit faults. A total of 400 sets of
data were collected, including 100 sets of normal
operation data, 100 sets of shading fault data, 100 sets of
open-circuit fault data, and 100 sets of short-circuit fault
data. The feature vectors included voltage, current,
temperature, and light intensity. In this paper, the number
of particle swarm individuals in the optimization
algorithm was set to 50, and the algorithm was iterated
200 times, with the training data and test data divided
into a 7 : 3 ratio. At the same time, to better judge the
recognition effect of the algorithm, the average
recognition accuracy and its variance over 20 trials were
chosen as the evaluation metrics for the model.

Fig.5 3x3 photovoltaic array

In fact, all the optimization algorithms compared in
the table are configured with the same parameters, such
as the particle population is 50 and the iteration is 200
times. In addition, the initialization parameters of each
algorithm are taken directly from the optimal parameter
values of the original literature. For example, the skin
brightness threshold of HLOA is set at 0.3, the electric
field intensity of EEFO is maintained at 2.0 kV/m, and
the subduction Angle of BKA is fixed at 45°. For
dynamic parameters (such as the lung capacity decay rate
of LPO and the strengthening rate of PRO), the adaptive
adjustment mechanism described in the literature is
strictly followed. This configuration strategy ensures that
the characteristics of the algorithm are fully preserved in
the comparison experiment, and the performance bias
caused by parameter tuning is eliminated.

4.1 Model Validation under Variations of Input
Parameters

4.1.1 Current, voltage, temperature, and light intensity
are utilized as input variables

Fourteen algorithms were used to identify a dataset

that includes features such as current, voltage,
temperature, and light intensity. The results are shown in
Table 2. The IHLOA-MLP had the best recognition
effect, with an average accuracy of 94.55%, while the
HO-MLP and FTTA-MLP had the worst recognition
effects, with an average accuracy of only 90.90%. In
terms of stability, the IHLOA-MLP is not only highly
accurate but also the most stable among the 14
optimization algorithms, with the smallest variance. The
ranking of the algorithms from highest to lowest accuracy
is as follows: IHLOA-MLP, BKA-MLP, GO-MLP, APO-
MLP, BFO-MLP, PRO-MLP, LPO-MLP, EEFO-MLP,
LEA-MLP, NRBO-MLP, HLOA-MLP, HO-MLP, FTTA-
MLP, MLP. The ranking from lowest to highest variance
is: IHLOA-MLP, BKA-MLP, APO-MLP, BFO-MLP,
PRO-MLP, LPO-MLP, HLOA-MLP, EEFO-MLP, LEA-
MLP, NRBO-MLP, HO-MLP, FTTA-MLP, MLP. The
most unstable algorithm is the HO-MLP, with a variance
of 0.62.

Table 2 Average recognition effect of each algorithm in data set
with current, voltage, temperature and light intensity as input

Algorithm Accuracy(%) Accuracy Variance

MLp[2! 92.15 0.22
APO-MLP! 91.50 0.61
IHLOA -MLP 94.55 0.08
BFO-MLP!!! 91.60 0.27
PRO-MLP!? 91.70 0.44
HLOA-MLP!! 94.00 0.17
HO-MLP!¥ 90.90 0.62
LPO-MLP! 92.50 0.18
EEFO-MLP!'®! 91.40 0.51
LEA-MLP!! 91.20 0.38
NRBO-MLP!#! 91.50 0.47
FTTA-MLP!"” 90.90 0.26
BKA-MLP?Y 94.10 0.12
GO-MLP?! 92.30 0.32

From Table 2, it can be observed that the IHLOA-
MLP algorithm has improved accuracy compared to the
other 13 algorithms. Specifically, the accuracy has been
enhanced by 2.4% over the traditional MLP algorithm
and by 0.55% compared to the HLOA-MLP algorithm.
Additionally, the IHLOA-MLP exhibits the smallest
variance, which is only 0.08, indicating a more stable
system. When compared to other optimization
algorithms, the IHLOA-MLP continues to demonstrate
the best performance, with the highest accuracy and the
lowest variance, thus offering the best robustness.
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4.1.2 Voltage, current, and light intensity are utilized as
the input variables

The recognition results of the 14 algorithms on the
dataset with feature vectors of voltage, current, and light
intensity are shown in Table 3. It can be observed that the
IHLOA-MLP algorithm has the best recognition effect,
with an average accuracy of 86.40%, while the MLP
algorithm has the worst recognition effect, with only
81.70%. In terms of stability, the IHLOA-MLP is not
only highly accurate but also the most stable among the
14 optimization algorithms, with the smallest variance.
The ranking of the algorithms from highest to lowest
accuracy is as follows: IHLOA-MLP, BFO-MLP, APO-
MLP, PRO-MLP, HLOA-MLP, HO-MLP, LPO-MLP,
EEFO-MLP, LEA-MLP, NRBO-MLP, FTTA-MLP, BKA-
MLP, MLP. The ranking from lowest to highest variance
is: IHLOA-MLP, BFO-MLP, APO-MLP, PRO-MLP,
HLOA-MLP, LPO-MLP, HO-MLP, EEFO-MLP, LEA-
MLP, NRBO-MLP, FTTA-MLP, BKA-MLP, MLP. The
most unstable algorithm is the PRO-MLP, with a variance
of 0.60.

Table 3 Average recognition effect of each algorithm in the data set
with voltage, current and light intensity as input

Algorithm Accuracy(%) Accuracy Variance

MLp2! 81.70 0.67
APO-MLP! 84.70 0.51
IHLOA-MLP 86.40 0.41
BFO-MLP!! 84.80 0.41
PRO-MLP!Z 83.90 0.60
HLOA-MLP!! 83.20 0.43
HO-MLP! 83.50 0.43
LPO-MLP!"! 82.50 0.43
EEFO-MLP!® 82.80 0.49
LEA-MLP!!"! 82.60 0.41
NRBO-MLP!® 82.80 0.43
FTTA-MLP!! 82.40 0.41
BKA-MLP™Y 82.00 0.48
GO-MLP?2! 82.70 0.42

From Table 3, it is evident that the IHLOA-MLP
algorithm continues to outperform the other 13
optimization algorithms, with the highest accuracy.
Specifically, the accuracy of IHLOA-MLP is 4.7% higher
than that of the MLP algorithm and 1.2% higher than that
of the HLOA-MLP algorithm. Additionally, [HLOA-MLP
has the smallest variance, indicating the best robustness.
When compared to the dataset with feature vectors of
current, voltage, temperature, and light intensity, the
algorithm that is most affected among the 14 optimization
algorithms is the BKA-MLP, with a decrease in accuracy

of 12.1%. The algorithms least affected are the APO-
MLP and BFO-MLP, with a decrease in accuracy of
6.8%, and the IHLOA-MLP has a decrease in accuracy of
8.15%.

4.1.3 Current, temperature, and light intensity are utilized
as the input variables

The recognition results of the 14 algorithms on the
dataset with feature vectors of current, temperature, and
light intensity are shown in Table 4. It can be observed
that the IHLOA-MLP algorithm has the best recognition
effect, with an average accuracy of 91.80%, while the
MLP algorithm has the worst recognition effect, with
only 85.80%. In terms of stability, the IHLOA-MLP is
not only highly accurate but also the most stable among
the 14 optimization algorithms, with the smallest
variance. The ranking of the algorithms from highest to
lowest accuracy is as follows: IHLOA-MLP, APO-MLP,
LPO-MLP, BFO-MLP, PRO-MLP, HLOA-MLP, HO-
MLP, LEA-MLP, NRBO-MLP, EEFO-MLP, FTTA-MLP,
BKA-MLP, MLP. The ranking from lowest to highest
variance is: IHLOA-MLP, APO-MLP, BFO-MLP, PRO-
MLP, HLOA-MLP, LEA-MLP, LPO-MLP, GO-MLP,
EEFO-MLP, HO-MLP, FTTA-MLP, MLP. The most
unstable algorithm is the EEFO-MLP, with a variance
0f 0.89.

Table 4 Average recognition effect of each algorithm in data set
with current, temperature and light intensity as input

Algorithm Accuracy(%) Accuracy Variance

MLpP2! 85.80 0.82
APO-MLP!" 90.20 0.27
[HLOA-MLP 91.80 0.19
BFO-MLP!Y 88.20 0.60
PRO-MLP!? 89.70 0.37
HLOA-MLP!! 89.10 0.38
HO-MLP!¥ 88.10 0.76
LPO-MLP!"! 90.20 0.39
EEFO-MLP!® 86.80 0.89
LEA-MLP!” 89.90 0.26
NRBO-MLP!® 90.90 0.52
FTTA-MLP!"! 86.50 0.43
BKA-MLP™" 89.40 0.50
GO-MLP?! 90.40 0.43

From Table 4, it is evident that the ITHLOA-MLP
algorithm continues to outperform the other 13
optimization algorithms, with the highest accuracy.
Specifically, the accuracy of IHLOA-MLP is 6% higher
than that of the MLP algorithm and 2.7% higher than that
of the HLOA-MLP algorithm. Additionally, IHLOA-MLP
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has the smallest variance, indicating the best robustness.
When compared to the dataset with feature vectors of
current, voltage, temperature, and light intensity, the
algorithm that is most affected among the 14 optimization
algorithms is the MLP, with a decrease in accuracy of
6.35%. The algorithm least affected is the NRBO-MLP,
with a decrease in accuracy of 0.6%, and the THLOA-
MLP has a decrease in accuracy of 2.75%.

4.1.4 Voltage, temperature, and light intensity are utilized
as the input variables

From Table 5, it is evident that the IHLOA-MLP
algorithm continues to outperform the other 13
optimization algorithms, with the highest accuracy.
Specifically, the accuracy of IHLOA-MLP is 92.20%,
which is 2.6% higher than that of the MLP algorithm.
Additionally, THLOA-MLP has the smallest variance,
indicating the best robustness. The ranking of the
algorithms from highest to lowest accuracy is as follows:
IHLOA-MLP, BFO-MLP, PRO-MLP, HLOA-MLP, LPO-
MLP, NRBO-MLP, EEFO-MLP, LEA-MLP, HO-MLP,
FTTA-MLP, BKA-MLP, GO-MLP, MLP. The ranking
from lowest to highest variance is: IHLOA-MLP, BFO-
MLP, PRO-MLP, HLOA-MLP, LPO-MLP, NRBO-MLP,
EEFO-MLP, LEA-MLP, HO-MLP, FTTA-MLP, BKA-
MLP, GO-MLP, MLP. The most unstable algorithm is the
FTTA-MLP, with a variance of 0.71.

Table 5 Average recognition effect of each algorithm in the value
data set with voltage, temperature and light intensity as input

Algorithm Accuracy(%) Accuracy Variance

MLP2! 89.60 0.28
APO-MLP!" 90.60 0.40
[HLOA-MLP 92.20 0.10
BFO-MLP!! 90.20 0.43
PRO-MLP!H? 91.50 0.31
HLOA-MLP!! 91.30 0.23
HO-MLP!¥ 90.40 0.38
LPO-MLP!" 90.80 0.30
EEFO-MLP!® 90.10 0.33
LEA-MLP!” 90.80 0.22
NRBO-MLP!® 90.40 0.53
FTTA-MLP!'! 90.10 0.71
BKA-MLP™Y 90.50 0.50
GO-MLP?2! 90.50 0.21

From Table 5, it is evident that the IHLOA-MLP
algorithm continues to outperform the other 14
optimization algorithms, with the highest accuracy.
Specifically, the accuracy of IHLOA-MLP is 3.6% higher
than that of the MLP algorithm and 0.9% higher than that

of the HLOA-MLP algorithm. Additionally, [HLOA-MLP
has the smallest variance, indicating the best robustness.
When compared to the dataset with feature vectors of
current, voltage, temperature, and light intensity, the
algorithm that is most affected among the 14 optimization
algorithms is the MLP, with a decrease in accuracy of
2.55%. The algorithm least affected is the PRO-MLP,
with a decrease in accuracy of 0.2%, and the IHLOA-
MLP has a decrease in accuracy of 2.35%.

4.1.5 Voltage and light intensity are utilized as the input
variable

From Table 6, it is evident that the IHLOA-MLP
algorithm continues to outperform the other 14
optimization algorithms, with the highest accuracy.
Specifically, the accuracy of IHLOA-MLP is 71.90%,
which is 4.7% higher than that of the NRBO-MLP
algorithm. Additionally, IHLOA-MLP has the smallest
variance, indicating the best robustness. The ranking of
the algorithms from highest to lowest accuracy is as
follows: IHLOA-MLP, BFO-MLP, APO-MLP, HLOA-
MLP, PRO-MLP, HO-MLP, LPO-MLP, EEFO-MLP,
LEA-MLP, FTTA-MLP, BKA-MLP, GO-MLP, MLP. The
ranking from lowest to highest variance is: IHLOA-MLP,
BFO-MLP, APO-MLP, HLOA-MLP, PRO-MLP, HO-
MLP, LPO-MLP, EEFO-MLP, LEA-MLP, FTTA-MLP,
BKA-MLP, GO-MLP, MLP. The most unstable algorithm
is the APO-MLP, with a variance of 0.41.

Table 6 Average recognition effect of each algorithm in the data set
with voltage and light intensity as input

Algorithm Accuracy(%)  Accuracy Variance

MLp[2! 68.70 0.24
APO-MLP! 68.70 0.41
[HLOA-MLP 71.90 0.13
BFO-MLP!! 70.10 0.24
PRO-MLP!? 68.50 0.18
HLOA-MLP!M 70.10 0.15
HO-MLP! 68.40 0.15
LPO-MLP!! 67.50 0.18
EEFO-MLP!® 67.80 0.28
LEA-MLP!” 68.50 0.26
NRBO-MLP!® 67.20 0.25
FTTA-MLP!? 69.00 0.15
BKA-MLPP?% 69.00 0.25
GO-MLP?2! 68.90 0.17

From Table 6, it is evident that the IHLOA-MLP
algorithm continues to outperform the other 13
optimization algorithms, with the highest accuracy.
Specifically, the accuracy of IHLOA-MLP is 3.2% higher



32 Wenbo Xiao et al: Wireless Photovoltaic Fault Monitoring System

than that of the MLP algorithm and 1.8% higher than that
of the HLOA-MLP algorithm. Additionally, [HLOA-MLP
has the smallest variance, indicating the best robustness.
When compared to the dataset with feature vectors of
current, voltage, temperature, and light intensity, the
algorithm that is most affected among the 14 optimization
algorithms is the BKA-MLP, with a decrease in accuracy
of 25.1%. The algorithm least affected is the BFO-MLP,
with a decrease in accuracy of 21.5%, and the THLOA-
MLP has a decrease in accuracy of 22.65%.

4.1.6 Current and voltage are utilized as the input
variables

From Table 7, it is evident that the IHLOA-MLP
algorithm continues to outperform the other 14
optimization algorithms, with the highest accuracy.
Specifically, the accuracy of IHLOA-MLP is 83.90%,
which is 6.5% higher than that of the HO-MLP algorithm.
Additionally, ITHLOA-MLP has the smallest variance,
indicating the best robustness. The ranking of the
algorithms from highest to lowest accuracy is as follows:
IHLOA-MLP, LPO-MLP, LEA-MLP, APO-MLP, BFO-
MLP, NRBO-MLP, EEFO-MLP, HLOA-MLP, HO-MLP,
FTTA-MLP, BKA-MLP, GO-MLP, MLP. The ranking
from lowest to highest variance is: IHLOA-MLP, APO-
MLP, LPO-MLP, BFO-MLP, LEA-MLP, HO-MLP,
EEFO-MLP, PRO-MLP, NRBO-MLP, FTTA-MLP, BKA-
MLP, GO-MLP, HLOA-MLP, MLP. The most unstable
algorithm is the PRO-MLP, with a variance of 0.46.

From Table 7, it is evident that the IHLOA-MLP
algorithm continues to outperform the other 13
optimization algorithms, with the highest accuracy.
Specifically, the accuracy of IHLOA-MLP is 6.5% higher
than that of the MLP algorithm and 5.8% higher than that
of the HLOA-MLP algorithm. Additionally, IHLOA-MLP
has the smallest variance, indicating the best robustness.
When compared to the dataset with feature vectors of
current, voltage, temperature, and light intensity, the

Table 7 shows the average recognition effect of each algorithm in
the data set with current and voltage as input

Algorithm Accuracy(%) Accuracy Variance

MLP!? 77.40 0.34
APO-MLP! 80.20 0.42
IHLOA -MLP 83.90 0.17
BFO-MLP!! 79.30 0.30
PRO-MLP!? 77.50 0.46
HLOA-MLP!! 78.10 0.39
HO-MLPM" 77.40 0.26
LPO-MLP!! 80.80 0.33
EEFO-MLP! 80.50 0.32
LEA-MLP!” 80.90 0.24
NRBO-MLP!® 79.80 0.45
FTTA-MLP!"! 79.60 0.37
BKA-MLP?Y 80.30 0.38
GO-MLP?2! 77.90 0.26

algorithm that is most affected among the 14 optimization
algorithms is the HLOA-MLP, with a decrease in
accuracy of 15.9%. The algorithm least affected is the
LEA-MLP, with a decrease in accuracy of 10.3%, and the
IHLOA-MLP has a decrease in accuracy of 10.65%.

4.1.7 Histogram of accuracy and variance

To evaluate the performance under different input
conditions, we apply 14 algorithms to a dataset with
variables such as current (C), voltage (V), temperature
(T), and light intensity (L). Table 8 compares IHLOA-
MLP with the best performing algorithm in each case.
The histogram of accuracy and variance of various
algorithms is shown in Figure 6.

Table 8 Average accuracy and variance of IHLOA-MLP and the optimal algorithm under different input features

IHLOA-MLP Best-Performing Algorithm

Input Features Best-Performing Algorithm

Accuracy(%) Variance Accuracy (%) Variance

C.V.T.L 94.55 0.08 BKA-MLP™ 94.10 0.12
V.C, L 86.40 0.41 BFO-MLP!!! 84.80 0.41
C.T.L 91.80 0.19 NRBO-MLP!®! 90.90 0.52
V. T.L 92.20 0.10 LEA-MLP!'"! 90.80 0.22
71.90 0.13 HLOA-MLP! 70.10 0.15
c.V 83.90 0.17 LEA-MLP!'"! 80.90 0.24

To evaluate the robustness of IHLOA-MLP under
diverse environmental conditions, six kinds of input
features are tested, including current (C), voltage (V),
temperature (T), and light intensity (L). As shown in
Table 8, IHLOA-MLP consistently outperformed 13

baseline algorithms (e. g., BKA-MLP, HLOA-MLP) in
both accuracy and stability. For instance, with full input
features (C, V, T, L), IHLOA-MLP achieves the highest
accuracy of 94.55% (0.45% higher than BKA-MLP) and
the lowest variance of 0.08, indicating superior resistance
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Accuracy variance of each algorlthm under different input variable combinatins
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to environmental noise.

Notably, when input features are reduced, IHLOA-
MLP exhibits smaller performance degradation compared
to other algorithms. For example, using only voltage and
light intensity, IHLOA-MLP's accuracy drops by 22.65%,
whereas BKA-MLP suffered a 25.1% decline. This
resilience is attributed to IHLOA's chaotic initialization
and cross-strategy, which enhance feature adaptability.
Figure 4 further visualizes the accuracy-variance trade-
off across algorithms, demonstrating IHLOA-MLP's
dominance in the Pareto front. In conclusion,
experimental results show that THLOA-MLP excels in
both accuracy and stability. It achieves the highest
accuracy and lowest variance in most cases. Notably,
with V, T, and L as inputs, IHLOA-MLP attains higher
accuracy with minimal input features, suggesting efficient
operation with reduced data collection costs in practical
applications.

4.2 Model Validation under Fault Data Input

The system is capable of identifying four common
types of data: normal, open-circuit, shading, and short-
circuit. To verify the monitoring performance of the
newly proposed system on the target array, a continuous
ten-day test was conducted. Each day, 80 data monitoring
sessions were carried out in the morning and afternoon,
covering 20 samples of each fault type, ultimately
obtaining 1600 monitoring results. The specific
monitoring results are shown in the confusion matrix as
depicted in the figure below.

To validate the monitoring capabilities of the newly
proposed system for the target array, a continuous ten-day
test was conducted. Data monitoring was performed 80
times each in the morning and afternoon, encompassing
20 data instances for each of the various fault types,
ultimately yielding 1600 monitoring results. The specific
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monitoring outcomes are presented in the confusion
matrix as depicted in the following figure.

According to the confusion matrix shown in Figure
7, the monitoring accuracy of the system is 88.81%. It is
worth mentioning that there may be interference when
switching fault types, leading to misjudgments. For
example, when suddenly switching from a shading fault
to an open-circuit fault, the voltage value will fluctuate,
thereby affecting the accuracy of the open-circuit fault.
Similarly, when suddenly switching to a short-circuit
fault, the voltage value will also fluctuate. Additionally,
when adjusting the light intensity, the temperature will
change accordingly, but the DS18B20 cannot achieve an
abrupt temperature change, instead showing a slowly
rising trend, which may also lead to misjudgments. In
practical applications, these interfering factors do not
occur, and after eliminating these interferences, the
system's accuracy is close to 90%. Although the IHLOA-
MLP model has the potential for misjudgment, no
misjudgments were observed in the fault display module
of the upper computer's main interface. This is because
the system is set to judge 3 times, and it is extremely rare
for the same error type to appear continuously for 3
times. Through this strategy, the system successfully
avoids being affected by the erroneous information
brought about by model misjudgments, significantly
enhancing the accuracy and reliability of the system's
fault monitoring.

True value
0 1 2 3
0 12 17 12
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<
>
&
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Fig.7 Confusion matrix of monitoring results

5 Conclusion

This study presents a comprehensive photovoltaic
fault monitoring system that combines an STM32
microcontroller with the IHLOA-MLP algorithm. The
hardware setup, featuring high-precision sensors like the
BH1750 for light intensity, DS18B20 for temperature,
and INA226 for current and voltage detection, along with
the ESP8266 for wireless data transmission, ensures
reliable and stable data acquisition. The software,
developed in QT Creator, integrates the MLP model from
OpenCV with the IHLOA algorithm, which draws

inspiration from horned lizard survival strategies such as
hiding, skin color change, blood squirting, and escaping,
further enhanced by random walk and cross-matrix
strategies. This integration optimizes the MLP model's
weight and bias vectors, significantly improving fault
monitoring accuracy and robustness.

The results highlight the ITHLOA-MLP model's
superior performance across various input parameters. It
achieves the highest accuracy of 94.55% with the
smallest variance when wusing current, voltage,
temperature, and light intensity as inputs, demonstrating
excellent stability and accuracy. Even with fewer input
features, such as voltage and light intensity, the model
maintains the highest accuracy of 71.90%, underscoring
its adaptability and robustness.

Under different fault conditions, the system
demonstrates its ability to accurately identify common
photovoltaic fault types, including normal operation,
open-circuit, shading, and short-circuit, with a monitoring
accuracy of 88.81%. The introduction of an auxiliary
monitoring mechanism based on consecutive judgment
counts further enhances monitoring accuracy and reduces
misjudgment risks.

While this study covers a range of photovoltaic fault
types, future research will expand the system's fault
coverage to include component aging, hot-spot effects,
and performance declines due to environmental factors.
This will involve validating the IHLOA framework on
large-scale datasets from diverse industrial PV systems
and generalizing the algorithm to optimize other machine
learning models for broader fault scenarios. Additionally,
efforts will focus on refining the hardware-software co-
design to enhance energy efficiency and deployment
scalability, ensuring the system's effectiveness in real-
world applications.
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