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Abstract 

Solar insecticidal lamps are important physical control devices for green pest management, 

but faults in their photovoltaic power supply units can reduce trapping efficiency and 

shorten service life. To improve fault identification under complex agricultural environ-

ments, this study proposes a signal-image-level multimodal fusion network (SIL-MMFN) 

for detecting and classifying photovoltaic panel operating states in solar insecticidal lamps. 

The method combines time-series measurements with short-time Fourier transform (STFT)-

based time–frequency images. A convolutional image branch extracts spatial features from 

time–frequency representations, whereas a bidirectional GRU branch with attention models 

temporal dependencies in the original signals. In addition, physics-informed features based 

on the illumination–current residual and output power are introduced to enhance discrim-

inative fault information. Field data collected from four agricultural deployment nodes were 

used to classify normal, open-circuit, and mismatch states. Experimental results show that 

the proposed method achieved an accuracy of 97.5%, precision of 96.7%, recall of 97.8%, and 

macro-F1 score of 97.3%, outperforming single-modality and representative comparison 

models. The results indicate that multimodal fusion helps reduce confusion between open-

circuit and mismatch faults and provides a potential approach for operating-state monitor-

ing and maintenance of agricultural photovoltaic equipment. In this study, fault diagnosis 

refers to the detection and classification of photovoltaic panel operating states, including 

normal, open-circuit, and mismatch conditions. 

Keywords: solar insecticidal lamp; photovoltaic fault diagnosis; multimodal fusion;  

short-time Fourier transform; BiGRU; ResNet 

 

1. Introduction 

Pests and diseases have become major constraints on agricultural production and the 

stable achievement of high crop yields. Crop losses caused by pests have long been rec-

ognized as a serious threat to agricultural productivity and food supply [1]. Although 

conventional chemical pesticide control can suppress pest occurrence and spread to some 

extent, long-term and intensive use can lead to environmental pollution, pesticide resi-

dues, ecological imbalance, and resistance development [2]. In this context, 
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environmentally friendly and sustainable green control technologies have received in-

creasing attention and have become an important direction for integrated pest manage-

ment in modern agriculture [3]. 

Against this background, solar insecticidal lamps, as typical physical trapping de-

vices, have been widely used for green pest control in farmland because of their energy-

saving characteristics, environmental friendliness, flexible deployment, and independ-

ence from external power supplies. Research on pest phototactic rhythm provides an im-

portant biological basis for the application of solar insecticidal lamps in field pest man-

agement [4]. Photovoltaic agriculture has also created new opportunities for combining 

renewable energy supply with intelligent phytoprotection systems [5]. Recent agrivoltaics 

research has further summarized global potential, technologies, crops, and policy frame-

works for integrating agricultural production with solar energy [6]. Solar hydrogen path-

ways based on urban BIPV and rural agri-PV have also been reviewed as emerging op-

tions for linking solar energy and agricultural systems [7]. Such devices usually rely on 

the coordinated operation of photovoltaic panels, controllers, energy storage units, and 

IoT monitoring modules, and lightweight fault detection studies have shown that equip-

ment stability is essential for reliable SIL-IoT operation [8]. A recently published SIL fault 

dataset further indicates that real agricultural deployment data may contain complex state 

changes and fault patterns [9]. In related intelligent agricultural applications, deep learn-

ing has been used for moth detection from pheromone trap images [10]. Transformer-

based edge computing methods have also been used for cotton pest and disease detection 

[11]. Data fusion and model fusion digital twins have been proposed for pest management 

systems [12]. Agrivoltaic research shows that agricultural production and photovoltaic 

power generation can be coupled in large-scale PV farms [13]. Rice agriphotovoltaic ex-

periments further demonstrate the need to evaluate crop productivity together with solar 

power output [14]. Attention-enhanced convolutional networks have also been applied to 

crop disease diagnosis, indicating the broader value of deep learning in agricultural per-

ception tasks [15]. However, because these systems are exposed to high temperatures, 

high humidity, strong solar radiation, dust deposition, and biological contamination for 

long periods, solar insecticidal lamps are prone to multiple faults that reduce system effi-

ciency and may even cause device failure. 

In addition to physical trapping, pest condition perception is an important function of 

intelligent pest management systems associated with solar insecticidal lamps. For example, 

deep learning-based moth detection from pheromone trap images achieved a maximum 

mAP of 90.25% [10], Transformer-based edge computing methods have been used for cotton 

pest and disease detection [11], and data fusion and model fusion digital twins have been 

proposed for pest management systems [12]. These studies suggest that intelligent pest de-

tection and monitoring may provide useful information for field pest warning and manage-

ment decisions. However, for solar insecticidal lamps, the effectiveness of pest monitoring 

and trapping also depends on the stable night-time operation of the lamp system, which is 

directly constrained by the reliability of the photovoltaic power supply unit. 

These studies suggest that photovoltaic technology is increasingly being embedded 

into agricultural and rural energy systems rather than being used solely as an independ-

ent power generation infrastructure. Solar-PV feasibility research in high-altitude regions 

has shown that PV farms can support a sustainable electricity supply where geography 

and energy security are closely linked [16]. Agri-PV studies in developing countries fur-

ther emphasize that photovoltaic systems can contribute to the water–energy–food nexus 

by combining energy production with sustainable agricultural use [17]. In addition, 

phase-change-material-based PV and building energy studies highlight the importance of 

thermal management and energy efficiency enhancement in PV-integrated systems [18]. 

Together with recent reviews on BIPV and rural agri-PV pathways for solar hydrogen 

https://doi.org/10.3390/agriculture16131394


Agriculture 2026, 16, 1394 3 of 27 
 

https://doi.org/10.3390/agriculture16131394 

production [7], these studies show that reliable PV operation and monitoring are im-

portant for agri-PV-related applications. Therefore, the fault detection and classification 

of the photovoltaic subsystem in solar insecticidal lamps is relevant to the broader agri-

PV context because it supports a stable renewable energy supply for field-deployed agri-

cultural equipment. 

The photovoltaic panel is a key component of the solar insecticidal lamp (SIL), and 

its operating condition directly determines the power supply capacity and stability of the 

system. A review of photovoltaic fault diagnosis methods shows that open-circuit faults, 

mismatch, shading, soiling, and module defects are important causes of abnormal PV op-

eration [19]. IoT-based PV fault detection research further shows that embedded monitor-

ing can support fault identification in practical PV arrays [20]. Deep learning analysis of 

thermal images has been used to detect faults in photovoltaic farms [21]. Infrared ther-

mography combined with machine learning and deep learning has also been assessed for 

photovoltaic fault diagnosis [22]. CNN-based models have been shown to classify photo-

voltaic array faults from data-driven representations [23]. For example, controller damage 

affects power regulation and control, preventing normal device operation; cracks in pho-

tovoltaic panels damage the internal structure of the module and reduce power genera-

tion efficiency; and bird dropping contamination or dust coverage causes local shading, 

uneven current distribution, and further performance degradation (Figure 1). 

 

Figure 1. Common fault types in solar insecticidal lamps: (a) controller damage; (b) photovoltaic 

panel crack; (c) bird dropping contamination; (d) dust coverage. 

Meanwhile, data-driven methods are increasingly being applied to the fault detection 

and classification of photovoltaic systems. Recent multimodal photovoltaic fault detection 

research has reported a fault identification accuracy above 98% under controlled noisy 

conditions [24], demonstrating the potential of deep feature learning for PV fault recogni-

tion. Nevertheless, such results are mainly obtained from conventional PV arrays or con-

trolled benchmark settings and do not fully address agricultural deployment conditions. 

In solar insecticidal lamp systems, the photovoltaic module is exposed to unstable illumi-

nation, dust accumulation, bird dropping contamination, partial shading from crops or 

surrounding objects, node-to-node device variation, and long-term outdoor operation. 

These factors can increase the similarity between open-circuit-like and mismatch-like elec-

trical responses and make field fault detection more difficult. Therefore, a task-specific 

fault detection and classification method for photovoltaic panels in solar insecticidal 

lamps remains necessary even though high accuracy has been reported in some general 

PV fault diagnosis studies. 

From the perspective of electrical characteristics, the above fault phenomena can be 

grouped into two specific fault types. Controller damage is usually manifested as an open-

circuit fault, whereas uneven damage or shading of photovoltaic modules tends to induce 

mismatch among modules. Mild contamination or normal operation can be regarded as 

the normal state. The fault categories used in SIL-IoT studies provide a useful reference 

for defining operating states in solar insecticidal lamp systems. PV fault diagnosis reviews 

also support the need to distinguish open-circuit and mismatch-related abnormal states. 
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Therefore, accurate identification of different operating states using effective fault detec-

tion and classification methods is important for ensuring the stability of the SIL energy-

harvesting system, improving equipment endurance, and maintaining reliable operation 

of the overall agricultural pest control system. 

It should be noted that the mapping between physical damage phenomena and elec-

trical fault modes is not always one-to-one in practical agricultural deployment. Control-

ler degradation may produce intermittent or fluctuating current output that partially re-

sembles mismatch behavior, whereas severe cracks, dust coverage, bird dropping con-

tamination, or uneven shading may also lead to strong mismatch-like electrical responses. 

Therefore, the fault categories in this study are defined according to their dominant elec-

trical manifestations: F1 represents open-circuit-like low-current output under sufficient 

illumination, and F2 represents mismatch-like inconsistencies between the illumination 

and current. Possible fault mode overlap is acknowledged as a limitation of the current 

rule-based labeling protocol. 

Late fault detection can reduce the photovoltaic charging capacity of the solar insec-

ticidal lamp, shorten night-time lamp operation, weaken continuous pest control effec-

tiveness, and increase manual inspection and maintenance costs. Because the present da-

taset did not include crop yield loss, pest density loss, or economic maintenance records, 

the economic effect was not quantified directly in this study; instead, this work focuses on 

improving early operating state identification as a technical basis for subsequent mainte-

nance decisions. 

Although considerable progress has been made in fault diagnosis research in recent 

years, existing mainstream methods can generally be divided into two categories: meth-

ods based on mechanistic models or empirical rules and data-driven methods. The former 

usually rely on physical mechanisms, expert experience, or threshold judgments to iden-

tify faults. They are interpretable to a certain degree but have limited adaptability under 

complex environments and nonlinear operating conditions. In contrast, data-driven meth-

ods can directly learn fault features from monitoring data and have therefore attracted 

increasing attention in photovoltaic fault detection and classification. Review studies have 

summarized the rapid development of PV fault diagnosis methods. Embedded super-

vised learning methods have demonstrated the feasibility of IoT-based PV fault detection. 

CNN-based photovoltaic fault classification further shows the value of deep models for 

learning discriminative fault features. 

According to input data forms and feature-modeling strategies, current data-driven 

fault diagnosis methods can be further divided into three categories: time-series signal-

based methods, image-representation-based methods, and multimodal fusion methods. 

Multimodal machine learning provides a general framework for combining complemen-

tary information from different sensor or representation channels [25]. Long short-term 

memory networks are widely used to model long-range temporal dependencies in se-

quential data [26]. Gated recurrent units provide a more compact recurrent structure for 

sequence representation [26]. Residual convolutional networks support deep spatial fea-

ture extraction from image-like inputs [27]. Attention mechanisms can emphasize in-

formative time steps or feature components during representation learning [28]. Temporal 

convolutional networks provide another effective framework for sequence modeling [29]. 

Transformer architectures have become representative self-attention models for learning 

global dependencies [30]. Although these methods have different advantages in feature 

representation and application scenarios, they still have limitations in complex agricul-

tural environments. 

In recent years, time-series signal-based fault-detection methods have been widely 

studied in photovoltaic systems. These methods mainly use operational data, such as volt-

age and current, and identify operating states by modeling their dynamic temporal 
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characteristics. IoT-based PV array diagnosis has shown that electrical measurements can 

be used for supervised fault detection and classification. CNN-based PV fault classifica-

tion also indicates that monitoring data can provide discriminative information for data-

driven fault identification. LSTM networks can model long-term temporal dependencies 

in sequential monitoring data. GRU networks provide an efficient gated alternative for 

learning temporal relationships. These methods preserve dynamic information during 

system operation and have advantages for continuously sampled data. However, because 

they rely only on time domain information, they cannot fully characterize frequency do-

main distributions, especially under multiple superimposed faults or weak fault condi-

tions, which limits feature separability and overall detection performance. 

With the development of signal processing and deep learning, image-representation-

based fault detection and classification methods have also become a research focus. STFT 

can convert nonstationary signals into time–frequency representations while preserving 

local temporal information [31]. CWT is another commonly used time–frequency analysis 

method for describing multiscale signal characteristics [32]. GAF and MTF encode time 

series into image-like representations suitable for visual inspection and classification [33]. 

Recurrence plots describe the recurrence behavior of dynamic systems and can also be 

used to build two-dimensional representations [34]. After these transformations, CNNs 

can be used to extract spatial features from the generated images. In photovoltaic appli-

cations, thermal image analysis has been used to detect faults in PV farms. Infrared ther-

mography has also been combined with machine learning and deep learning for photo-

voltaic fault detection. CNN-based photovoltaic fault classification further demonstrates 

the value of image-like feature representations for fault identification. In general, image 

representations can intuitively reflect time–frequency distributions and improve the 

recognition of complex patterns. Nevertheless, the conversion process may ignore dy-

namic information in the original time series, and reliance on time–frequency image fea-

tures alone can lead to the loss of key temporal information, restricting further perfor-

mance improvements in some scenarios. 

Beyond photovoltaic applications, image-based damage diagnosis has also been ex-

plored in civil infrastructure inspection. For example, visible–infrared UAV imagery com-

bined with deep learning has been used for automated levee hazard detection [35]. This 

indicates that multimodal image representations can provide complementary visual and 

physical information for damage recognition and motivates the use of time–frequency im-

age representations in the present photovoltaic fault diagnosis task. 

To exploit complementarity among different feature representations, multimodal fu-

sion has gradually become an important research direction for photovoltaic fault detection 

and classification studies. Such methods usually construct multi-branch networks that 

jointly model time-series and time–frequency image features, thereby using both time do-

main and frequency domain information. Multimodal machine learning shows that rep-

resentation, fusion, alignment, and co-learning strategies can improve the use of comple-

mentary modalities. IoT-based PV diagnosis illustrates the value of combining embedded 

monitoring data with learning algorithms. Thermal-image-based PV farm inspection 

shows that image information can reveal module-level fault patterns. Infrared thermog-

raphy studies further indicate that visual thermal features are useful for PV fault detec-

tion. CNN-based PV fault classification demonstrates the effectiveness of deep feature 

learning for photovoltaic fault categories. Although multimodal methods improve fault 

recognition to some extent, existing fusion mechanisms remain relatively simple, with 

many studies using only feature concatenation and insufficiently exploring deep associa-

tions among modalities. Moreover, the ability to distinguish easily confused faults, such 

as open-circuit and mismatch faults, remains insufficient under complex operating 
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conditions. Therefore, designing more effective multimodal fusion strategies remains a 

key issue for improving the discrimination of critical faults. 

Despite progress in time-series signal-based, image-representation-based, and mul-

timodal fusion methods for photovoltaic fault detection and classification, practical appli-

cations still face several limitations. First, different fault types often exhibit high similarity 

in the feature space. Typical faults, such as open-circuit and mismatch states, have over-

lapping electrical characteristics and time–frequency representations, which can lead to 

misclassification. Second, single-modality methods cannot fully describe multidimen-

sional fault features, relying only on time-series or image information results in insuffi-

cient representation and limits recognition performance. Third, although multimodal 

methods can integrate multi-source information, many existing studies use simple con-

catenation or shallow fusion strategies that do not sufficiently use complementary rela-

tionships among modalities. In addition, class imbalance commonly occurs during real 

data collection, affecting model training and classification performance [36]. Data aug-

mentation is therefore often used to improve model robustness and generalization when 

training data are limited or imbalanced [37]. Therefore, it remains necessary to develop a 

more effective multimodal fusion mechanism and mitigate the effects of imbalanced data 

distributions to improve the discrimination of easily confused fault types. 

To address these problems, this paper proposes a signal-image-level multimodal fu-

sion network (SIL-MMFN) for solar insecticidal lamp systems. Considering that recent PV 

studies have already investigated multimodal photovoltaic fault detection and classifica-

tion, including residual-CNN/GRU-based spatial-temporal PV fault detection, the contri-

bution of this work is framed more narrowly. Specifically, this study focuses on photovol-

taic subsystems embedded in agricultural solar insecticidal lamps under field deployment 

and combines STFT-based time–frequency images, temporal sequence modeling, and re-

sidual-augmented electrical features for this application scenario. 

The main contributions of this study are as follows: 

Compared with general PV-array fault detection and classification studies, the nov-

elty of this work lies mainly in the agricultural solar insecticidal lamp context, the use of 

field-deployed SIL data, and the integration of illumination–current residual and power 

features with signal-image multimodal fusion. Therefore, the claims of this study are lim-

ited to the tested SIL photovoltaic subsystem and the current data construction protocol. 

(1) Typical physical faults and electrical fault modes in solar insecticidal lamp systems 

are jointly modeled in the context of practical agricultural applications; 

(2) A multimodal fusion diagnostic framework is proposed to enable collaborative learn-

ing of spatial and temporal features; 

(3) Experiments demonstrate the superior performance of the proposed method for 

identifying different fault types. 

The diagnostic task in this study is a three-class fault-type diagnosis task rather than 

only binary fault detection. Specifically, the model distinguishes normal operation (F0), 

open-circuit fault (F1), and mismatch fault (F2), so the output is intended to support both 

fault occurrence identification and fault-type discrimination. 

2. Materials and Methods 

2.1. Overall Framework 

To achieve high-accuracy identification of operating states in solar insecticidal lamps 

(SILs), this study proposes a multimodal fusion fault diagnosis model based on joint sig-

nal-image learning. The model integrates complementary information from time-series 

signals and time–frequency images to improve recognition of complex fault patterns. As 

shown in Figure 2, the proposed method consists of a time–frequency image feature 
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extraction branch, a temporal feature extraction branch, and a multimodal feature fusion 

module. First, the collected voltage, current, and light-intensity signals are preprocessed, 

and one-dimensional time-series signals are converted into two-dimensional time–fre-

quency images using STFT to construct the image modality input. 

Meanwhile, the raw time series are organized into sliding window samples as the 

temporal modality input. During feature extraction, the image branch uses a CNN-based 

deep structure to learn spatial features from time–frequency images, whereas the tem-

poral branch uses BiGRU to model time-series dependencies and combines attention to 

enhance the representation of key time steps. The two modal features are then fused to 

form a joint representation, and a classifier is used to distinguish normal, open-circuit, 

and mismatch states. By integrating different modalities, the proposed model captures 

both temporal dynamics and frequency domain distributions, thereby improving fault 

detection performance under the current dataset. 

 

Figure 2. Framework of the multimodal fault diagnosis model for photovoltaic panels in solar in-

secticidal lamps. 

2.2. Data Augmentation and Feature Enhancement 

To improve the model’s representation of complex fault patterns and alleviate class 

imbalance in real-world data, the input data were optimized from two perspectives: 

feature enhancement and data augmentation. While preserving the physical meaning of 

the original signals, physics-informed constructed features were introduced, and data 

augmentation strategies were used to improve model generalization. 

2.2.1. Data Augmentation 

In the collected dataset, the number of normal-state (F0) samples was substantially 

larger than the number of fault-state samples, especially open-circuit fault (F1) samples. 

This imbalance can cause class bias during model training. To improve recognition and 

generalization for minority faults, this study adopted a strategy combining data 

resampling and data augmentation. 

First, to alleviate class imbalance, random downsampling was applied to normal 

samples (F0) and mismatch-fault samples (F2), while all open-circuit fault samples (F1) 

were retained. This reduced the dominance of majority classes during model training. 

Second, considering the temporal characteristics of time-series data, time-shift aug-

mentation was introduced. Random offsets were applied to sequences to simulate signal 

variations at different temporal positions: 

x'(t) = x(t + ∆ t) (1) 
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where Δt denotes a random temporal offset. This operation improves robustness to time 

asynchrony and local temporal variations. 

In addition, to simulate sensor measurement errors and random disturbances in prac-

tical environments, Gaussian noise perturbation was applied to the original sequence. 

Noise-based perturbation is a common data augmentation strategy for improving robust-

ness under measurement variation: 

x'(t)=x(t)⋅(1+ϵ),ϵ∼N(0,σ2) (2) 

where ϵ denotes random noise following a zero-mean Gaussian distribution. This operation 

improves the model’s adaptability to noise interference and environmental fluctuations. 

It should be noted that data augmentation was applied only to open-circuit fault sam-

ples in the training set. For each F1 training sample, two augmented samples were gener-

ated. The random temporal shift was sampled from [−4, 4] time steps, and multiplicative 

Gaussian noise was added to the normalized light-intensity, current, and voltage channels 

with standard deviations of 0.02, 0.03, and 0.01, respectively. The validation and test sets 

retained their original distributions and were not augmented, thereby providing an ob-

jective evaluation of model performance. 

2.2.2. Feature Enhancement Based on Physical Priors 

Considering the strong physical coupling between light input and current output in 

photovoltaic systems, an illumination–current linear model was first constructed to de-

scribe the input–output relationship under ideal conditions. PV fault diagnosis studies 

emphasize the importance of electrical operating characteristics in identifying abnormal 

states. IoT-based PV monitoring further supports the use of voltage and current measure-

ments for data-driven fault diagnosis: 

I(t) = aG(t) + b (3) 

where G(t)  denotes light intensity, I(t)  denotes the current signal, and a  and b  are 

model parameters estimated using the least-squares method. 

In this study, the parameters a and b were estimated globally from the normal-state 

training samples after outlier trimming, rather than being dynamically recalculated for 

each test sample or independently optimized for each of the four deployment nodes. This 

global fitting strategy provides a unified illumination–current reference for constructing 

the residual feature under the current dataset. Future work will compare global fitting 

with node-specific fitting to evaluate whether deployment node calibration can further 

reduce residual bias. 

Based on this model, a residual feature was introduced to characterize the deviation 

between the actual output and the ideal model: 

r(t) = |I(t) −  (aG(t) + b)| (4) 

The residual feature reflects the stability of the operating state. Under normal condi-

tions, current and light intensity exhibit strong consistency, and the residual is small. Un-

der mismatch or abnormal conditions, this consistency is disrupted, and the residual in-

creases noticeably. Therefore, this feature provides additional information for distinguish-

ing fault states. 

In addition, to further describe the energy output characteristics of the photovoltaic 

system, a power feature was introduced: 

P(t) = I(t) ⋅ V(t) (5) 
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where V(t) denotes the voltage signal and P(t) denotes the instantaneous output power. 

This feature intuitively reflects the power generation capacity of the system and is useful 

for distinguishing open-circuit and mismatch faults. 

Finally, the original signals and constructed features were fused into a multidimen-

sional input feature vector: 

x(t) = [G(t), I(t), V(t), r(t), P(t)] (6) 

Through the above feature enhancement method, the model uses not only raw meas-

urements but also information derived from physical mechanisms, thereby improving the 

representation of complex fault patterns. 

2.2.3. Class Balancing Strategy 

To further address class imbalance, different strategies were adopted during data 

construction and model training. During data construction, F0 and F2 samples were 

downsampled, while all F1 samples were retained, and the F1 training samples were aug-

mented. During model training, the class weights in the cross-entropy loss were adap-

tively calculated according to the class distribution of the training set rather than manu-

ally fixed. This strategy increased the loss contribution of the minority open-circuit class 

while avoiding an excessively large manually assigned weight. 

2.3. Modal Feature Extraction 

2.3.1. Image Modal Feature Extraction 

In the image branch, STFT was first used to convert raw time-series signals into time–

frequency images. Light intensity, current, and voltage were arranged as three-channel 

inputs, yielding an input image I in I∈RH×W×3. To extract spatial features from the time–

frequency images, a CNN was used for feature learning. The convolution operation can 

be expressed as: 

In this study, the term time–frequency image features refers specifically to features 

extracted from STFT-based time–frequency images generated from light intensity, cur-

rent, and voltage signals. This wording is used to avoid implying ordinary natural-image 

representations. 

y=σ(W×x+b) (7) 

where W denotes convolution kernel parameters, b is the bias term, and σ(·) is a non-

linear activation function. Through multiple convolutional layers, the model progres-

sively extracts feature representations from low-level textures to high-level semantics. A 

residual network (ResNet) structure was introduced to enhance deep feature representa-

tion, and its core idea can be expressed as: 

y = F(x) + x (8) 

The residual connection alleviates gradient vanishing during deep network training 

and improves the stability of feature extraction. Finally, global average pooling was used 

to obtain the time–frequency image feature vector F₁ for subsequent multimodal fusion. 

2.3.2. Temporal Modal Feature Extraction 

In the temporal branch, raw signals were organized into time-series samples 

X=x1, x2, …, xT using a sliding window and then fed into a GRU for feature extraction. 

The GRU models temporal dependencies through a gating mechanism, and its state up-

date can be briefly expressed as: 
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ht=GRU(xt,ht-1) (9) 

To further enhance sequence representation, a bidirectional structure (BiGRU) was 

adopted to model both forward and backward temporal dependencies. An attention 

mechanism was then introduced to weight features at different time steps and emphasize 

moments that are important for fault identification. The attention score for each time step 

is first calculated as: 

et=vTtanh(Wht+b) (10) 

where W, b, and v are learnable parameters. The scores are then normalized using the 

Softmax function: 

αt=exp(et)/Σk=1
T exp(ek) (11) 

Finally, a weighted summation is used to obtain the temporal feature representation: 

F2=Σt=1
T αtht (12) 

This mechanism adaptively assigns importance weights to different time steps, 

thereby enhancing the model’s perception of key fault features. 

2.3.3. Multimodal Feature Fusion 

After obtaining the time–frequency image feature F1 and temporal feature F2, fea-

ture-level fusion was used to integrate information from the two modalities. Here, F1 and 

F2 denote the image-modal and temporal-modal feature vectors, respectively, rather than 

the fault classes with the same labels. 

First, the two modal features were concatenated: 

F = [F1; F2] (13) 

where  [;]  denotes vector concatenation. This operation preserves the complete infor-

mation of the different modal features. 

To further improve feature representation, nonlinear mapping was applied to the 

fused features: 

F'=σ(WfF+bf) (14) 

where Wf and bf are the learnable weight matrix and bias term, respectively, and σ(⋅) 

denotes a nonlinear activation function. 

In this study, the rectified linear unit (ReLU) was selected as the activation function: 

σ(x)=max(0,x) (15) 

The fused feature was then fed into a classifier for prediction: 

ŷ=Softmax(WcF'+bc) (16) 

where ŷ denotes the predicted class probability distribution. The Softmax function is de-

fined as: 

ŷ
i
=exp(zi)/Σj=1

C exp(zj) (17) 

where C denotes the number of classes. 

Through this fusion mechanism, the model uses complementary information from 

the image and temporal modalities. This design is consistent with multimodal learning 

strategies that use complementary modalities to improve representation and prediction. 

Therefore, the proposed model improves discrimination of complex fault patterns, partic-

ularly for faults that are difficult to distinguish, such as open-circuit and mismatch faults. 
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2.4. Loss Function 

During model training, cross-entropy loss was used as the optimization objective to 

measure the discrepancy between predictions and true labels: 

L=-Σi=1
C y

i
log(ŷ

i
)  (18) 

where y
i
 denotes the one-hot encoding of the true label, ŷ

i
denotes the predicted class 

probability, and C is the total number of classes. 

For multiclass classification, this loss function guides the model to improve discrim-

ination among classes. Considering the imbalance among fault types, cross-entropy learn-

ing over probability distributions also helps the model improve recognition of minority 

classes, such as open-circuit and mismatch faults. This consideration is consistent with 

imbalanced learning research, which emphasizes the influence of class distribution on 

classifier performance. Finally, by minimizing the loss L, model parameters are updated 

through backpropagation to achieve optimization and convergence. 

3. Results and Discussion 

3.1. Dataset and Experimental Setup 

The data used in this study were obtained from solar insecticidal lamp systems de-

ployed in real farmland environments. The equipment structure is shown in Figure 3. The 

devices were deployed at four nodes in Nanqiao District, Chuzhou, China, and a total of 

802,387 data records were collected from July to August 2025. 

 

Figure 3. Structure and key components of the solar insecticidal lamp system. 

During data acquisition, the system recorded key operating parameters in real time, 

including LightIntensity, SolarCurrent, and SolarVoltage, as well as device ID, sensorBit, 

and timestamp information. These data reflect the dynamic operating state of the photo-

voltaic subsystem under different environmental conditions. The current dataset did not 

include compound faults, and each record was assigned to only one of three mutually 

exclusive operating states: normal state (F0), open-circuit fault (F1), and mismatch fault 

(F2). The labels were generated according to predefined electrical threshold rules and op-

erating-state logic rather than destructive physical verification of each device. Samples 

without abnormal operating conditions were labeled as F0. When SolarCurrent was lower 

than 2 and LightIntensity was higher than 500, the record was labeled as F1, indicating 

that sufficient illumination was available, but the photovoltaic panel produced almost no 
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current output. For F2 labeling, the expected current-related reference value was calcu-

lated from LightIntensity. When LightIntensity was lower than 100,000, the reference 

value was calculated as 0.0316 × LightIntensity; otherwise, it was fixed at 3200. The abso-

lute deviation between this reference value and SolarCurrent was then calculated. If the 

deviation was greater than 1500, the record was labeled as F2. Because the labels were 

rule-based, possible label noise cannot be fully excluded; future work will further combine 

maintenance records, manual inspection, and physical fault verification to improve 

ground truth reliability. 

The complete recorded field structure included device ID, timestamp, sensorBit, 

LightIntensity, SolarCurrent, and SolarVoltage. Power and the illumination–current re-

sidual were derived from the recorded electrical and illumination variables and used as 

auxiliary features. Device temperature, ambient temperature, module surface tempera-

ture, dust deposition degree, shading ratio, panel aging state, and maintenance cost rec-

ords were not available in the current dataset. Therefore, the influence of degradation, 

contamination, shading, and temperature was reflected only indirectly through changes 

in illumination–current–voltage behavior, and these factors will be explicitly recorded in 

future data collection. 

As shown in Figure 4, under normal operating conditions (F0), the output current of the 

solar panel exhibited an obvious positive correlation with light intensity. As light intensity 

increased, photovoltaic output current showed an approximately linear increasing trend; 

therefore, linear fitting was used to describe the main relationship between the two variables. 

The blue scatter points in the figure represent normal samples. Their distribution 

around the fitted line indicates that the relationship between light intensity and current 

remains relatively stable under normal conditions. Because of environmental noise, load 

fluctuations, and differences in sampling conditions, some normal samples deviate 

slightly from the fitted line, but the overall trend remains consistent. 

The red circles represent mismatch-fault samples. These samples clearly deviate from 

the illumination–current fitting trend under normal conditions, indicating that current 

output can no longer remain consistent with the corresponding light intensity and that 

the fitting residual becomes large. 

Therefore, the illumination–current fitting residual was used as a consistency feature: 

r=∣I - Ifit∣ (19) 

This feature characterizes the abnormal degree of the illumination–current relation-

ship. Under mismatch faults, the residual increases noticeably, indicating that this feature 

can reflect abnormal photovoltaic output and provide a discriminative basis for subse-

quent fault detection. 

The consistency feature constructed from the illumination–current residual can help 

distinguish normal and mismatch states, although residual fluctuations remain under 

normal conditions because of differences among devices, environmental variation, and 

measurement noise. Since the F2 label is also related to illumination–current incon-

sistency, this residual feature should be interpreted as an auxiliary physics-informed fea-

ture rather than independent physical ground truth. To reduce the risk that the model 

merely learns a single threshold rule, the proposed method also uses voltage, power, tem-

poral dynamics, and STFT-based image representations. In the ablation experiments, the 

LIV-only and data-only settings were used to evaluate the contribution of different feature 

groups. Future work will further validate the residual feature under independently veri-

fied fault events. 

https://doi.org/10.3390/agriculture16131394


Agriculture 2026, 16, 1394 13 of 27 
 

https://doi.org/10.3390/agriculture16131394 

 

Figure 4. Distribution of illumination–current fitting residuals under different fault states. 

For sample construction, a sliding window method was used to segment time-series 

data. The long window used for sample generation contained 128 raw time steps, and the 

stride was 16. Each long-window sample preserved the temporal context required for 

time–frequency image construction. For the temporal branch of the model, a 16-step se-

quence was center-cropped from each long window as the branch input. Features within 

each window were standardized to reduce distribution differences among samples. To 

exploit frequency-domain information, image modality data were further constructed. 

STFT was used to convert time-series signals into time–frequency images. The STFT used 

a Hann window, nperseg = 128, hop = 32, and noverlap = 96. The magnitude spectrum 

was transformed by log(1 + |Z|), min–max normalized to [0, 255], and resized to 224 × 224 

using bilinear interpolation. The spectra of light intensity, current, and voltage were 

mapped to the RGB channels, respectively, yielding an image sample of 224 × 224 × 3. 

Because light intensity, current, and voltage have different physical units and numer-

ical ranges, normalization was performed independently for each STFT channel. Specifi-

cally, each variable was first transformed into its magnitude spectrum, scaled by log(1 + 

|Z|), and then normalized by per-channel min–max normalization to [0, 255] before RGB 

stacking. This protocol prevents one physical variable with a larger numerical range from 

dominating the generated image representation. 

To avoid confusion between sliding window segmentation and STFT computation, 

the sample-generation window length was 128 raw time steps with a stride of 16, whereas 

the STFT hop length used during time–frequency image construction was 32. The 16-step 

temporal-branch input was center-cropped from each 128-step sample and was used only 

for the sequence branch during network optimization. 

After sliding window segmentation, downsampling, training set augmentation, and 

data partitioning, the final training, validation, and test sets contained 12,342, 3771, and 

3772 samples, respectively. The corresponding class distributions are shown in Table 1. 

The current evaluation used a stratified sample-level split after sliding window con-

struction. Although augmentation was applied only to the training set, overlapping sliding 

windows may still introduce similarity between subsets, especially when adjacent windows 

from the same device and time period are randomly assigned to different subsets. Therefore, 

the reported results should be interpreted as performance under the present sample-level 

data-construction protocol rather than definitive evidence of field generalization. Node-
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wise, chronological, non-overlapping block, and leave-one-node-out validation will be con-

ducted in future work to further evaluate independent generalization. 

Table 1. Dataset construction and class distribution. 

Processing Stage F0 F1 F2 Total 

Raw records 549,566 13,999 238,822 802,387 

Sliding window samples 34,043 857 15,213 50,113 

After downsampling 10,000 857 8000 18,857 

Training before augmentation 6000 514 4800 11,314 

Training after augmentation 6000 1542 4800 12,342 

Validation 2000 171 1600 3771 

Test 2000 172 1600 3772 

Note: The sliding window length was 128 and the stride was 16. F0 and F2 were downsampled, 

whereas all F1 samples were retained. Only F1 samples in the training set were augmented; the 

validation and test sets were not augmented. 

STFT can characterize frequency features while preserving temporal information, 

which is beneficial for extracting complex fault patterns. CWT was selected as a compari-

son method because it can describe multiscale time–frequency features. GADF and MTF 

were included because they encode time series into image-like representations for visual 

classification. RP was included because recurrence plots can represent the dynamic recur-

rence structure of time-series data. 

3.2. Model Training Settings 

To ensure training stability and reproducibility of results, the key training parameters 

of the multimodal fusion model were set consistently. AdamW was used to update model 

parameters, and an adaptive learning rate decay strategy was combined to improve conver-

gence. Early stopping was introduced to prevent overfitting, and gradient clipping was used 

to control gradient explosion during training. The image branch used ResNet18 without 

pretrained weights, and the temporal branch used a two-layer BiGRU with temporal atten-

tion. All comparison models used the same train/validation/test split, the same class-balanc-

ing strategy, and the same evaluation metrics. Five repeated runs were conducted with dif-

ferent random seeds, and results were reported as mean standard deviation where applica-

ble. Table 2 lists the main parameter settings used during model training. 

Table 2. Main parameter settings. 

Parameter Value 

Optimizer AdamW 

Initial learning rate 3 × 10−4 

Weight decay 1 × 10−4 

Batch size 64 

Maximum training epochs 50 

Early stopping patience 10 

Learning rate scheduler ReduceLROnPlateau, factor = 0.5, patience = 5 

Gradient clipping 5 

Sliding window length 128 

Sliding window stride 16 

Temporal branch input length 16 center-cropped time steps 

Image input size 224 × 224 

Number of temporal hidden units 64 per direction (128 after bidirectional concatenation) 
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Number of temporal layers 2 

Image feature extraction network ResNet18 without pretrained weights 

Image feature dimension 256 

Fusion feature dimension 256 

Dropout 0.2 (BiGRU inter-layer and fusion FC classifier) 

Number of classes 3 

STFT window function Hann 

STFT nperseg 128 

STFT hop length 32 

STFT overlap 96 

STFT magnitude scaling log(1 + |Z|) 

STFT normalization per-channel min-max normalization to [0, 255] 

Class weights Adaptive class weights 

Software framework PyTorch (v2.9.1) and timm (v0.9.2) 

Hardware 
NVIDIA GeForce RTX 5060 Laptop GPU (NVIDIA 

Corporation, Santa Clara, CA, USA) 

The implementation was based on PyTorch 2.9.1 and timm 0.9.2. The model contained 

approximately 11.53 million trainable parameters and was trained on an NVIDIA GeForce 

RTX 5060 Laptop GPU. The random seeds used for the five repeated runs were 42–46. 

In the temporal branch, the number of hidden units was 64 for each GRU direction. 

Because the GRU was bidirectional, the forward and backward hidden states were con-

catenated into a 128-dimensional temporal representation before temporal attention and 

multimodal fusion. The dropout rate of 0.2 was applied to the inter-layer connections of 

the two-layer BiGRU and to the post-fusion fully connected classifier; no additional drop-

out layer was inserted inside the ResNet18 image backbone. 

3.3. Ablation Experiment Analysis 

To systematically evaluate the effects of different feature construction methods and mul-

timodal fusion strategies on model performance, ablation experiments were designed to com-

pare different input forms. The experimental results are shown in Table 3 and Figure 5. 

Table 3. Effect of different modality combinations on photovoltaic fault diagnosis performance. 

Setting Accuracy Precision Recall F1-Macro 

Data-only (LIV) 84.6% ± 0.4% 81.5% ± 0.8% 85.4% ± 0.3% 83.3% ± 0.5% 

Data-only 91.3% ± 0.1% 91.1% ± 0.4% 91.5% ± 0.1% 91.3% ± 0.2% 

Image-only 97.0% ± 0.1% 96.4% ± 0.3% 97.0% ± 0.2% 96.7% ± 0.1% 

LIV 97.0% ± <0.1% 95.8% ± 0.5% 96.9% ± 0.1% 96.3% ± 0.2% 

Ours 97.5% ± 0.1% 96.7% ± 0.2% 97.8% ± 0.2% 97.3% ±<0.1% 

Overall, model performance improved progressively as feature representation be-

came richer. When only the basic physical variables, namely light intensity, current, and 

voltage (LIV), were used as input, performance was relatively low, with an accuracy of 

only 84.6% and a macro-F1 score of 83.3%. The confusion matrix shows serious confusion 

between the normal state (F0) and mismatch faults (F2), with many F2 samples misclassi-

fied as normal. This indicates that raw measurements alone are insufficient for describing 

complex fault features, especially for mismatch fault identification. 

After introducing temporal modeling, the data-only model improved, with accuracy 

increasing to 91.3% and macro-F1 reaching 91.3%. Compared with basic LIV input, tem-

poral features can capture dynamic associations among current, voltage, and illumination 

over time, improving the model’s ability to distinguish fault patterns. However, the 
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confusion matrix still shows that some mismatch faults (F2) were misclassified as normal 

state (F0), indicating that time-domain features alone remain limited in modeling complex 

fault boundaries. 

When image modality based on STFT time–frequency maps was used, model perfor-

mance improved substantially. The image-only model achieved an accuracy of 97.0%, 

with precision, recall, and F1-macro scores of 96.4%, 97.0%, and 96.7%, respectively. The 

confusion matrix shows that samples of each class were well concentrated on the diagonal, 

and recognition of open-circuit faults (F1) and mismatch faults (F2) was clearly enhanced. 

This indicates that time–frequency maps can represent local frequency-domain variations 

in photovoltaic signals and improve discrimination of complex fault patterns under the 

current dataset. 

For the LIV ablation setting in Table 3, the originally reported standard deviation of 

0.0% resulted from rounding to one decimal place. The value has been revised to <0.1% to 

indicate that the run-to-run variation was smaller than the displayed one-decimal preci-

sion rather than exactly zero. 

Using only the physics-prior-enhanced features constructed in this study also led to clear 

performance improvement, with an accuracy of 97.0% and a macro-F1 score of 96.3%. Com-

pared with basic LIV input, constructed features enhanced the model’s representation of sys-

tem operating states, confirming the effectiveness of physics-based feature enhancement. 

However, compared with the image-only model, performance for mismatch faults (F2) re-

mained slightly weaker, indicating that constructed features alone cannot fully replace the 

ability of time–frequency–domain information to describe complex fault boundaries. 

In contrast, the proposed multimodal fusion model achieved the best results across 

all metrics, with an accuracy of 97.5%, precision of 96.7%, recall of 97.8%, and F1-macro of 

97.3%. The confusion matrix further shows that predictions were mainly concentrated on 

the diagonal, and high recognition accuracy was achieved for normal (F0), open-circuit 

(F1), and mismatch (F2) states. Misclassification of F1 and F2 samples was further reduced. 

In particular, for the most challenging mismatch fault (F2), the proposed method further 

improved over the image-only model, indicating that multimodal fusion can combine 

complementary information from time-domain, frequency-domain, and physics-prior 

features, thereby helping reduce confusion among complex faults and improve discrimi-

nation under the current evaluation protocol. 

Further analysis of the confusion matrix shows that the classification results of the 

proposed model were mainly concentrated on the diagonal, indicating high recognition 

accuracy for all three operating states. The recognition accuracies for normal state (F0), 

open-circuit fault (F1), and mismatch fault (F2) were 0.97, 0.98, and 0.97, respectively, with 

only a few misclassified samples. By comparison, the basic LIV input model showed ob-

vious class confusion, especially between normal state (F0) and mismatch fault (F2); the 

data-only model improved but still misclassified some mismatch faults as normal; and the 

image-only model could distinguish different fault classes well but still showed a small 

number of errors for complex boundary samples. Overall, the proposed multimodal fu-

sion method further reduced inter-class confusion and improved classification stability 

under the current evaluation protocol. 

Overall, the multimodal fusion model outperformed single-modality methods in 

both overall performance and recognition of key fault classes. In particular, for open-cir-

cuit and mismatch faults, the model achieved higher recognition accuracy and greater 

stability. This suggests that fusing temporal information with time–frequency image in-

formation can better use complementary modality information and improve fault detec-

tion performance for agricultural photovoltaic equipment under the tested conditions. 
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Figure 5. Comparison of confusion matrices for ablation models: (a) original three-dimensional fea-

tures; (b) temporal-only model; (c) image-only model; (d) multimodal model without feature en-

hancement; (e) complete model. 

3.4. Comparative Experiment Analysis 

3.4.1. Comparison of Different Time–Frequency Representations 

To evaluate performance differences among time–frequency representation methods 

in photovoltaic fault diagnosis, CWT, Gramian angular difference field (GADF), Markov 

transition field (MTF), recurrence plot (RP), and the STFT method used in this study were 

selected for comparison. The results are shown in Figure 6. 

In terms of overall performance, the methods showed clear differences in accuracy, 

precision, recall, and F1-macro. The proposed method achieved the best results for all 

evaluation metrics, with accuracy, precision, recall, and F1-macro scores of 97.5%, 96.7%, 

97.8%, and 97.3%, respectively. Compared with the other time–frequency representations, 

the proposed method maintained high accuracy while further improving recall and class-

balanced performance, indicating that it can extract more discriminative fault features 

from photovoltaic signals in this dataset. 

CWT showed the second-best overall performance, with accuracy and F1-macro 

scores of 94.0% and 95.9%, respectively, suggesting that continuous wavelet transform can 

preserve local time–frequency information and provide useful representation ability for 

fault patterns. GADF and MTF performed similarly, with accuracies of 92.1% and 91.8%, 

respectively, both lower than CWT and the proposed method. This indicates that two-

dimensional encoding-mapping methods can reflect dynamic characteristics of time series 

to some extent, but are still limited in describing complex fault boundaries. RP performed 

the worst, with accuracy, precision, recall, and F1-macro scores of 91.3%, 91.5%, 91.3%, 

and 91.4%, respectively, indicating that recurrence plots cannot sufficiently characterize 

fine-grained differences among fault states in this task. 
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Figure 6. Comparison of different time–frequency representation methods across evaluation metrics. 

From the perspective of recognition performance for different fault classes, the dif-

ferences among methods were more pronounced. For the normal state (F0), all methods 

achieved high recognition rates, and the proposed method reached 97.7%, slightly higher 

than CWT (97.0%) and the other methods, indicating that normal operating characteristics 

are relatively easy to distinguish. 

However, for the key fault classes F1 (open-circuit fault) and F2 (mismatch fault), 

performance differences became more evident. As shown in Figure 7, the proposed 

method achieved an F1 value of 97.2% for the F1 class, clearly higher than CWT (94.7%), 

GADF (90.5%), MTF (90.2%), and RP (89.9%). For the more challenging F2 class, the pro-

posed method also achieved the best performance, with an F1 value of 96.8%, further im-

proving over CWT (95.8%); GADF, MTF, and RP achieved 91.7%, 89.4%, and 88.7%, re-

spectively. These results show that the proposed method distinguished complex fault pat-

terns better in the current dataset and maintained relatively stable performance for mis-

match fault recognition. 

Figures 8 and 9 further compare the class-wise precision and recall of different image 

generation methods. For F1 and F2, the proposed STFT-based multimodal method 

achieved higher and more balanced precision and recall than GADF, MTF, and RP. In 

particular, the recall of F1 reached 99.0%, indicating that the proposed method was asso-

ciated with fewer missed detections of open-circuit faults in the current test set. For F2, 

the proposed method also maintained high precision and recall scores of 96.8% and 96.9%, 

respectively, showing more stable mismatch fault recognition in the current test set. 

Overall, traditional time–frequency representation methods can enhance the repre-

sentation of photovoltaic fault features to some extent, but they still suffer from overlap-

ping feature distributions and insufficient description of complex boundaries. In contrast, 

the STFT-based multimodal representation used in this study integrates time-domain, fre-

quency-domain, and local structural information under the current experimental proto-

col, improving classification performance for the constructed dataset. 
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Figure 7. F1-score comparison of different time–frequency representation methods for each fault class. 

 

Figure 8. Precision comparison of different time–frequency representation methods for each fault class. 

 

Figure 9. Recall comparison of different time–frequency representation methods for each fault class. 

To further analyze differences in feature representation among time–frequency 

methods, images generated by each method were visualized, as shown in Figure 10. The 

methods exhibited clear structural differences. CWT generated relatively smooth features 

and could not highlight local variations effectively. GADF and MTF produced relatively 

discrete stripe-like structures with insufficient feature stability. RP showed considerable 

noise interference and low inter-class separability. By contrast, STFT presented 
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continuous and clear energy distributions, with obvious differences among fault states. In 

mismatch faults, feature changes were especially prominent. 

 

Figure 10. Visualization comparison of fault features generated by different time–frequency repre-

sentation methods. 

Figure 11 further shows the feature performance of STFT under different parameter 

settings. STFT maintained relatively consistent and separable feature structures under the 

tested window conditions. This result suggests that STFT can provide useful feature rep-

resentation for the present dataset; however, its robustness under different farms, seasons, 

device models, and sensor drift conditions still requires further validation. 

 

Figure 11. Visualization of STFT-based time–frequency features under different fault states. 

The above analysis shows that different time–frequency representation methods dif-

fer substantially in fault feature extraction. STFT achieved the best overall performance 

and the best recognition of key fault classes, particularly open-circuit and mismatch faults. 

The method preserves temporal information while extracting frequency features, provid-

ing more discriminative input representations for subsequent multimodal fusion. 

3.4.2. Comparison of Different Models 

To verify the effectiveness of the proposed model for photovoltaic fault diagnosis, 

three representative comparison models, TCN_CNN, CNN_LSTM, and Transformer, 

were selected and compared with the proposed multimodal fusion model. The results are 

shown in Figure 12. 
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Figure 12. Performance distributions of different models across evaluation metrics: (a) accuracy; 

(b) precision; (c) recall; (d) F1-score. 

Overall, all models achieved relatively high detection and classification performance 

in terms of accuracy, precision, recall, and F1-score, but clear differences remained. As 

shown in Figure 12, the proposed method (ours) achieved the best and most stable results 

for all four metrics. The median accuracy was stable at approximately 97.5%, higher than 

that of TCN_CNN, CNN_LSTM, and Transformer. In addition, the proposed method had 

the smallest box range, indicating lower variation across repeated experiments and better 

stability under the current evaluation setting. 

For F1-score, the proposed method also performed best, with a median of approxi-

mately 97.3% and a more concentrated distribution. In contrast, TCN_CNN had a rela-

tively high upper-bound performance but a wider box range, indicating obvious fluctua-

tion and insufficient stability. CNN_LSTM had a lower overall F1-score, showing limita-

tions in modeling complex fault features. Transformer performance was relatively stable 

but remained slightly lower than that of the proposed method. 

Further analysis of precision shows that both Transformer and the proposed method 

achieved high precision. Transformer had a relatively concentrated precision distribution, 

indicating a low false positive rate. The proposed method maintained high precision while 

achieving better overall performance, suggesting that multimodal fusion can improve 

fault recognition capabilities and reduce misclassification under the current evaluation 

setting. In contrast, TCN_CNN showed greater precision fluctuation and was more sensi-

tive to changes in sample distribution under different experimental conditions. 

For recall, the proposed method again achieved the highest result, with a median close 

to 97.8% and the smallest overall fluctuation. This indicates that the model can identify fault 

samples more stably and has a lower missed detection rate. TCN_CNN and Transformer 

showed similar recall performance but still had some variation, whereas CNN_LSTM had 

a wider recall distribution, indicating insufficient stability for some fault classes. 

Overall, the proposed method achieved higher accuracy and stability than the compar-

ison models under the same sample-level evaluation protocol. Its advantages were particu-

larly evident in F1-score and recall, indicating that multimodal fusion improved classifica-

tion performance within the constructed dataset. Independent node-wise and time-wise val-

idation is still needed before drawing stronger conclusions about field generalization. 
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For practical monitoring, the threshold requirement should not rely only on overall 

accuracy because missed fault samples may delay maintenance. In this study, macro-F1 

above 95% and recall above 95% for both F1 and F2 were regarded as desirable screening 

targets for practical fault-warning use under the current dataset. The proposed method 

satisfied these targets in the repeated experiments, while the final alarm threshold in de-

ployment should still be adjusted according to the acceptable trade-off between missed 

alarms and false alarms. 

Table 4 reports the F1-score performance of different models for normal state (F0), 

open-circuit fault (F1), and mismatch fault (F2). Overall, all models achieved high recog-

nition performance for the normal state (F0). The proposed method achieved the highest 

F1-score, reaching 97.8% ± 0.1%; CNN_LSTM followed with 97.6% ± 0.1%; and TCN_CNN 

and Transformer were both approximately 97.5%. This indicates that all models can stably 

identify normal operating states, while the proposed method still has advantages in sta-

bility and overall performance. 

Tables 5 and 6 provide the class-wise precision and recall of the comparison models. 

Transformer achieved the highest precision and recall for the open-circuit class, whereas 

the proposed method maintained more balanced performance across the three classes and 

achieved the best recall for F2 among the compared models. These results complement 

the F1-score comparison in Table 4 and provide a clearer evaluation of minority and easily 

confused fault classes. 

Table 4. Classification performance of different models for each fault type. 

Setting F0 F1 F2 

TCN_CNN 97.5% ± 0.9% 94.4% ± 3.6% 96.7% ± 0.8% 

CNN_LSTM 97.6% ± 0.1% 96.7% ± 0.4% 96.8% ± 0.1% 

Transformer 97.5% ± 0.1% 98.0% ± 0.4% 96.8% ± 0.1% 

Ours 97.8% ± 0.1% 97.0% ± 0.1% 97.0% ± 0.1% 

Table 5. Per-class precision of different models for each fault type. 

Setting F0 F1 F2 

TCN_CNN 97.7% ± 0.4% 90.3% ± 6.7% 96.9% ± 1.0% 

CNN_LSTM 97.7% ± 0.7% 94.6% ± 0.8% 96.9% ± 0.6% 

Transformer 98.3% ± 0.3% 95.6% ± 0.6% 95.9% ± 0.4% 

Ours 97.9% ± 0.1% 95.5% ± 1.8% 96.8% ± 0.5% 

Table 6. Per-class recall of different models for each fault type. 

Setting F0 F1 F2 

TCN_CNN 97.3% ± 1.3% 98.0% ± 0.3% 96.4% ± 0.7% 

CNN_LSTM 97.1% ± 0.5% 98.8% ± 0.6% 96.7% ± 0.8% 

Transformer 96.7% ± 0.4% 99.2% ± 0.3% 96.6% ± 0.4% 

Ours 97.5% ± 0.4% 99.0% ± 0.9% 96.9% ± 0.3% 

For the open-circuit faults (F1), differences among models were more obvious. Trans-

former achieved the highest result for this class, reaching 98.0% ± 0.4%, showing good 

fault feature extraction capabilities. The proposed method achieved 97.0% ± 0.1%, slightly 

lower than Transformer but higher than TCN_CNN at 94.4% ± 3.6%. The large standard 

deviation of TCN_CNN for F1 indicates relatively weak stability, whereas the proposed 

method maintained more stable performance. 

For the complex mismatch faults (F2), the overall performance of the models was 

similar, but the proposed method still achieved the best result at 97.0% ± 0.1%. 
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CNN_LSTM and Transformer both reached 96.8% ± 0.1%, and TCN_CNN achieved 96.7% 

± 0.8%. These results indicate that the proposed method showed better stability for com-

plex fault pattern recognition in the current dataset and could distinguish subtle differ-

ences among operating states. 

In summary, the proposed method maintained high and stable recognition perfor-

mance for all three states, achieving the best results for F0 and F2. Although it was slightly 

lower than Transformer for F1, its overall fluctuation was smaller, indicating better com-

prehensive performance and stability. 

The comparative experiments demonstrate that conventional temporal models and 

single-structure models can complete fault classification to some extent but remain insuf-

ficient for complex fault recognition in the current dataset. By contrast, the proposed mul-

timodal fusion model uses complementary information among modalities and achieves 

better accuracy and stability under the same evaluation protocol. These results indicate 

potential practical value, while deployment-oriented generalization still requires valida-

tion under unseen nodes, seasons, and device conditions. 

To further analyze feature-representation ability, t-SNE was used to visualize the fea-

ture spaces learned by different models [38]. The results are shown in Figure 13. 

As shown in Figure 13, feature distributions differed clearly among models. The 

CNN_LSTM model could initially distinguish the three states, but the normal state (F0) 

and mismatch faults (F2) still overlapped to some extent. Some intra-class samples were 

relatively scattered, indicating limited representation of complex fault features and insuf-

ficient learning of feature boundaries. 

By comparison, the TCN_CNN model improved inter-class separation, and the open-

circuit fault (F1) formed a relatively independent cluster. However, local mixing between 

F0 and F2 remained, and some samples showed elongated distributions, suggesting that 

although temporal feature extraction was enhanced, feature compactness under complex 

operating states still needs improvement. 

The Transformer model further improved feature representation, with clearer class 

boundaries and better overall clustering than the first two methods. However, F0 and F2 

still crossed in some regions, and intra-class dispersion remained relatively large, indicat-

ing that fine-grained feature discrimination under complex faults was still insufficient. 

Compared with the above methods, the proposed model formed more separable and 

stable class distributions in the feature space under the present evaluation protocol. The 

three states showed better inter-class separation and intra-class compactness than the 

comparison models. The open-circuit fault (F1) had a relatively clear boundary from the 

other classes, and the mismatch fault (F2) cluster became more concentrated. These obser-

vations indicate that the proposed method learned more discriminative deep feature rep-

resentations for the constructed dataset. 

Overall, the proposed method showed better feature clustering, class separation, and 

complex fault-feature representation than the comparison models on the current dataset. 

This result is consistent with the quantitative experimental results and supports the use-

fulness of multimodal fusion for this SIL photovoltaic fault diagnosis task, while broader 

robustness still requires independent validation under unseen deployment conditions. 
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Figure 13. t-SNE visualization results of different models. 

4. Conclusions 

This study proposed a multimodal fusion fault detection and classification method 

based on joint signal-image learning (SIL-MMFN) for photovoltaic subsystems in agricul-

tural solar insecticidal lamps. Rather than claiming general novelty for multimodal PV 

fault detection and classification, this work focuses on the SIL application scenario and 

combines STFT time–frequency images, BiGRU-based temporal modeling, and residual-

augmented electrical features for field-collected SIL data. 

Experimental results under the current sample-level protocol show that the proposed 

method outperformed multiple comparison methods in overall performance and recog-

nition of key fault classes. In comparisons among time–frequency representation methods, 

STFT achieved the best precision, recall, and F1-score on the constructed dataset. In model 

comparisons, the proposed method outperformed TCN_CNN, CNN_LSTM, and Trans-

former in accuracy and macro-F1 score. 

Quantitatively, the proposed method achieved an overall accuracy of 97.5% ± 0.1%, 

macro precision of 96.7% ± 0.2%, macro recall of 97.8% ± 0.2%, and macro-F1 of 97.3% ± 

<0.1%. For the three operating states, the F1-scores reached 97.7% ± 0.1% for F0, 97.2% ± 

0.1% for F1, and 96.8% ± 0.1% for F2. 

The proposed method showed improvements for the two key fault types, open-circuit 

and mismatch faults, within the present dataset. Mismatch faults were the most challenging 

class, and recognition performance improved compared with single-modality methods. 

This suggests that multimodal fusion can reduce class confusion under the tested operating 

conditions and improve the model’s ability to discriminate fine-grained differences. 

In addition, ablation experiments and feature visualization show that the proposed 

method learned more discriminative feature representations under the current evaluation 

setting, forming more compact intra-class distributions and more separable inter-class 

boundaries in the feature space. These findings support the usefulness of multimodal fusion 

for the constructed SIL photovoltaic fault dataset under the current evaluation setting. 

In conclusion, the proposed method improved the discrimination of photovoltaic op-

erating states while maintaining high recognition accuracy under the tested field conditions. 
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The method provides a promising candidate for intelligent operation and maintenance of 

agricultural photovoltaic equipment, but practical deployment should be considered condi-

tional on further node-independent, time-independent, and multi-season validation. 

From an application perspective, the method can provide decision support for early 

warning and targeted maintenance of photovoltaic subsystems in agricultural solar insec-

ticidal lamps. By distinguishing normal, open-circuit, and mismatch states, it can help 

maintain night-time power supply continuity, reduce unnecessary manual inspection, 

and support more timely replacement or cleaning decisions. However, the technological 

and economic benefits still need to be verified using long-term maintenance records and 

field operation cost data. 

This study still has several limitations. First, the dataset was collected from four de-

ployment nodes in one geographic region and during a limited acquisition period, so the 

current results do not yet establish robust generalization across unseen farms, seasons, 

weather regimes, device models, aging conditions, or sensor drift. Second, the labels were 

generated by predefined electrical rules and operating state logic, and independent phys-

ical verification of each fault event was not available. Third, the current evaluation used a 

sample-level split after sliding window construction, and independent node-wise, chron-

ological, non-overlapping block, or leave-one-node-out validation has not yet been con-

ducted. Future work will further consider larger-scale multi-season data collection, 

maintenance-record-assisted label verification, node-wise and time-period-wise valida-

tion, multi-source data fusion, and lightweight model design to improve deployment re-

liability and adaptability in practical applications. 

In addition, the current study did not explicitly model module degradation, dust ac-

cumulation, partial shading, temperature effects, biological contamination, or panel aging 

as independent variables. These operational characteristics may change the electrical re-

sponse of the photovoltaic subsystem and may reduce model robustness in long-term de-

ployment. Future work will therefore collect environmental and maintenance variables, 

construct degradation-aware validation sets, and evaluate the model under cross-season 

and cross-device operating conditions. 

Future research will further focus on four aspects: (1) comparing global and node-spe-

cific illumination–current fitting strategies; (2) collecting independently verified fault events 

to analyze overlap among controller degradation, cracking, contamination, shading, open-

circuit behavior, and mismatch behavior; (3) introducing temperature, soiling, shading, ag-

ing, and maintenance cost variables into the dataset; and (4) evaluating lightweight deploy-

ment on edge devices under cross-node, cross-season, and long-term field conditions. 
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