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ABSTRACT: Laser-induced breakdown spectroscopy (LIBS) is promising for rapid contamination analysis of power
insulators, but its reliability is limited by laser-energy perturbation during field detection. To improve the robustness of LIBS-based
contamination-level classification, this study proposes a LIBS-DVS Hybrid Gated Fusion Spiking Neural Network (LD-HGF-SNN)
by integrating LIBS spectra with raw dynamic vision sensor (DVS) event streams. Unlike methods based on reconstructed event
images, LD-HGF-SNN constructs a raw-event-derived spatiotemporal DVS event tensor to preserve the time—height—width
evolution of laser-induced plasma and encodes it using an LIF-neuron-based spiking branch. A 1D convolutional branch extracts
LIBS spectral features, while a sample-adaptive gated fusion module regulates the contributions of spectral and event-stream
information. Broad-energy classification and cross-energy evaluation tasks were constructed using paired LIBS-DVS data collected
under seven laser-energy conditions. LD-HGF-SNN achieved
97.50% accuracy and 97.49% macro-F1 under the reference-
energy condition, and maintained 87.50% accuracy and 87.52%
macro-F1 under full-range laser-energy perturbation. In the most
challenging task, its accuracy exceeded the strongest ablation
model, the ungated fusion model, and the reconstructed-image
fusion baseline by 15.50, 21.00, and 22.50 percentage points,
respectively. These results indicate that raw-event-derived DVS
event streams provide complementary plasma-dynamic
information for LIBS spectra, and that preserving the
spatiotemporal structure of DVS events can improve LIBS

classification robustness under laser-energy perturbation.

INTRODUCTION salts, such as NaCl and CaSOs, together with insoluble particles,
such as A1O3 and SiO2.* Because different salts differ in solubility,
Power insulators are continuously exposed to outdoor hygroscopicity, and ion-migration capability, the composition and

environments, where salts, dust, and industrial particulates can
accumulate on insulating surfaces. Under humid conditions,
soluble salts in the contamination layer dissolve and form
conductive pathways, leading to increased surface conductivity
and leakage current; in severe cases, this process may trigger
pollution flashover and even large-scale power outages.'* Surface
contamination on insulators usually contains soluble conductive
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severity of surface contamination can strongly affect moisture
absorption, surface conductivity, and insulation degradation.>”
Therefore, accurate identification of contamination composition
and contamination level is important for external-insulation
condition assessment and maintenance decision-making.
However, conventional contamination assessment still relies

largely on outage-based sampling followed by laboratory
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physicochemical analysis, which is difficult to meet the
requirements of rapid, online, and in situ field detection.

Laser-induced breakdown spectroscopy (LIBS) is a rapid
elemental analysis technique with minimal sample preparation, in
situ detection capability, and simultaneous multi-element
measurement.® These advantages make LIBS suitable for online
detection of contamination on insulating surfaces. In recent years,
machine learning and deep learning methods, including support
vector machine (SVM), random forest (RF), convolutional neural
network (CNN), and Transformer-based models, have been
widely applied to LIBS-based spectral classification and
quantitative analysis.>!* In the field of power insulation materials,
LIBS has been used for silicone rubber aging analysis,
characterization of insulator surface contaminants, and detection
of metal contamination distributions.!>!® LIBS combined with
machine learning has also been applied to contamination-type
identification and contamination-level classification of silicone
rubber insulators, demonstrating its potential for insulation
contamination detection.’>?3 Nevertheless, most existing LIBS
classification models are developed under relatively fixed
experimental conditions, while practical field detection may
involve laser-energy perturbation, plasma instability, ambient-
light interference, and variations in sample surface conditions.
Previous studies have shown that LIBS classification performance
can deteriorate when the laser energy differs between training and
testing data.>* Therefore, improving the stability of LIBS
contamination-level recognition under laser-energy perturbation
remains a key issue for field deployment.

Multimodal fusion has become an important strategy for
improving LIBS analysis in complex samples and practical
environments. Previous studies have combined LIBS with
complementary spectroscopic, imaging, and acoustic information
to improve classification accuracy, quantitative stability, and
analytical reliability.>-° For example, Gao et al. integrated LIBS
with laser-induced plasma acoustic signals for copper-type
identification and improved classification performance through
multimodal learning.3! Gong et al. developed a spectrum—image
dual-modality fusion network for high-accuracy classification of
traditional Chinese medicine materials.>> Zhao et al. performed
early fusion of LIBS and hyperspectral imaging for rapid
identification of ginseng plant species, geographical origin, and
growth age.’® These studies indicate that auxiliary modalities can
compensate for the limitations of single LIBS spectra. For LIBS-
based contamination detection under laser-energy perturbation, an
auxiliary modality directly related to plasma evolution is
particularly desirable because energy variation affects plasma
emission, morphology, and temporal dynamics. A dynamic vision
sensor (DVS), which asynchronously records pixel-level
brightness changes as sparse event streams, can capture transient
optical variations during the laser-ablation process and provide

event-based information on plasma spatiotemporal dynamics.+3’
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Existing DVS-assisted LIBS studies have shown that DVS-
reconstructed images or event-derived features can improve
spectral stability and enhance LIBS-based quantitative analysis
and classification.?*#! However, most existing DV S-assisted LIBS
studies convert event streams into reconstructed two-dimensional
plasma images or statistical event features before modeling.
Although such representations are compatible with conventional
image-based networks and can describe part of the spatial plasma
morphology, they may compress the asynchronous event stream
and weaken temporal ordering, polarity variation, and fine
spatiotemporal plasma dynamics. Therefore, this study proposes
spatiotemporal event-tensor modeling for adaptive LIBS-DVS
fusion under energy perturbation.

Spiking neural networks (SNNs) provide a well-matched, rather
than exclusive, architecture for processing event-based data
because they encode information through spike firing, membrane-
potential integration, and leakage dynamics.**** Compared with
reconstructing DVS events into two-dimensional images and then
applying conventional convolutional modeling, SNN-based event
encoding can more directly exploit the sparse and temporal
characteristics of raw event streams. Therefore, extracting features
from raw-event-derived DVS event tensors using SNNs and
fusing them with LIBS spectral features is expected to enhance the
sensitivity of the model to transient plasma dynamics and laser-
energy perturbation, thereby improving the robustness of
contamination-level classification.

In this study, a LIBS-DVS Hybrid Gated Fusion Spiking
Neural Network (LD-HGF-SNN) is proposed for robust
contamination-level classification under laser-energy perturbation.
The framework combines a raw-event-derived spatiotemporal
DVS representation, hybrid spectral-spiking dual-branch
encoding, and sample-adaptive gated fusion. A one-dimensional
convolutional branch extracts elemental emission-line features
and global spectral patterns from LIBS spectra, while an LIF-
neuron-based spiking branch encodes the DVS event tensor to
capture plasma-dynamic information in the time-height—width
domain. The adaptive gating module regulates the sample-
dependent contributions of the spectral and event-stream
modalities, thereby reducing modal conflict caused by energy-
dependent fluctuations. Broad-energy classification tasks and
cross-energy generalization tasks are constructed using paired
LIBS-DVS data collected under seven laser-energy conditions.
The results demonstrate that DVS event streams provide
complementary plasma-dynamic information for LIBS spectra
and improve the robustness of LIBS-based contamination-level
classification under laser-energy perturbation.

EXPERIMENTAL
Experimental setup. The LIBS-DVS dual-modal acquisition
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platform used in this study is shown in Fig. 1. The system mainly
consisted of a laser-induced plasma excitation module, a spectral
signal acquisition module, a plasma optical signal acquisition
module, and a computer for data recording. A Nimma-900 ns
Nd:YAG laser (Beijing BDT Optoelectronic Technology Co., Ltd.)
was employed as the excitation source, with a maximum single-
pulse energy of 900 mJ, a pulse width of <9 ns, an emission
wavelength of 1064 nm, and a repetition rate of 1-10 Hz. The laser
Q-switch signal and spectrometer acquisition delay were
controlled by a DG645 digital delay generator (Stanford Research
Systems, Inc.), which provides a delay resolution of 5 ps and a
timing accuracy of 1 ns. The laser beam was reflected by a 90°
dielectric mirror and then focused onto the sample surface using a
convex lens with a focal length of 110 mm, thereby ablating the
sample and generating plasma.

The plasma emission was collected by a convex lens with a
focal length of 60 mm and coupled into an optical fiber probe
positioned at 45° relative to the sample surface. The spectral signal
was recorded using an AVS-RACKMOUNT-USB2 spectrometer
(Avantes), covering a wavelength range of 200-640 nm with a
spectral resolution of 0.09-0.13 nm and an integration time of 30
ps. Simultaneously, a DAVIS346 dynamic vision sensor
(iniVation), equipped with a 16 mm lens, was used to capture the
transient optical emission from the plasma. The DVS has a
temporal resolution of 1 ps, a pixel array of 346 x 260, and a
dynamic range of 120 dB. During measurement, the DVS was
placed at a working distance of 5 cm from the ablation region, and
the angle between the DVS optical axis and the sample surface
was set to 0° for side-view acquisition of plasma event signals.

Experimental materials. Twenty pressed contamination samples
were prepared to construct five contamination levels for
classification, with four samples assigned to each level. The NaCl—
kaolin system was used as a controlled and simplified
representation of the soluble and non-soluble components
commonly considered in insulator contamination, rather than as a
complete reproduction of naturally accumulated field
contamination. The contamination gradients were designed with
reference to the field pollution severity classification principles for
AC power systems specified in DL/T 374.1-2019.% In this study,
the equivalent salt deposit density (ESDD) and non-soluble
deposit density (NSDD) were used only to define the
contamination gradients of the laboratory-prepared samples.
Sodium chloride (NaCl) was selected as the representative soluble
salt, while kaolin was used as the non-soluble contamination
matrix. According to the designed ESDD and NSDD values, the
required masses of NaCl and kaolin were accurately weighed and
mixed with deionized water. The mixture was thoroughly stirred
and then dried in an oven to remove water. The dried material was
ground into powder and passed through a 200-mesh sieve to
improve particle-size uniformity. For each sample, 1.0 g of the
prepared powder was loaded into a circular mold with a diameter
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Fig. 1 Schematic diagram of the LIBS-DVS dual-modal acquisition
platform.

Table 1. Contamination levels and corresponding ESDD/NSDD ranges of
the pressed samples prepared for LIBS-DVS classification

Level  Samples Number of ESDDrange NSDD range
1D samples (mg/cm?) (mg/cm?)

a P1-P4 4 0.0048-0.0199  1.2197-1.2601

b P5-P8 4 0.0307-0.0590  1.2697-1.3107

c P9-P12 4 0.0698-0.1198  1.1499-1.2402

d P13-P16 4 0.1403-0.2300  0.9801-1.1198

e P17-P20 4 0.2800-0.4401  0.7905-0.9603

of 20 mm and pressed at 100 MPa using a tablet press. The
obtained circular pellets were used as controlled samples for
LIBS-DVS measurements, although pressing may alter ablation
behavior and reduce intra-class variability relative to field
deposits.?!-40

As listed in Table 1, the five contamination levels were denoted
as levels a—e. Each level contained four independently prepared
pressed samples, resulting in 20 samples in total. The ESDD and
NSDD values were used only to construct contamination gradients
and define class labels for the classification task. Therefore, the
classification objective of this study was to distinguish
contamination levels under controlled laboratory conditions,
rather than to perform direct field pollution-zone assessment.

Data processing. Fig. 2 summarizes the preprocessing of LIBS
spectra and DVS event streams. For the spectral modality, the raw
sample spectra were first corrected by subtracting the background
spectra. Discrete wavelet transform was then applied to reduce
high-frequency noise and suppress baseline fluctuation.#” After
preprocessing, spectral peaks were detected and assigned by
comparing their wavelengths with the NIST Atomic Spectra
Database,*® considering the elemental composition of the prepared
contamination samples. As shown in Fig. 2(a), representative
spectra of contamination levels a—¢ contained characteristic emission
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Fig. 2 Preprocessing of LIBS spectra and DVS event streams: (a) Representative LIBS spectra of pressed contamination samples at different contamination
levels. (b) Spatiotemporal distributions of OFF events, ON events, and the combined event stream in the plasma region. (¢) Reconstructed OFF and ON event

frames used for plasma ROI selection.

lines of Si I, Al I, Ca II, and Na I, which provided the elemental
information for subsequent contamination-level classification.

For the event modality, the DVS output was recorded as an
asynchronous event stream, where each event was represented
as e; = (x;, ¥, ti,pi), with x; and y; denoting the pixel
coordinates, t; the timestamp, and p; the event polarity.*® A
fixed 50 ms trigger-aligned window was selected to capture the
principal plasma-event response while limiting background
events,*#! after which the plasma-region events were extracted.
The selected ROI was determined from the reconstructed OFF and
ON event frames, as illustrated in Fig. 2(c). The OFF event frame
presents the plasma region as a bright spot, whereas the ON event
frame shows a dark circular region at the corresponding location.
The magnified ROI further confirms that the OFF and ON events

exhibit complementary spatial distributions in the plasma region.

The spatiotemporal distributions of the cropped OFF and ON
events are shown in Fig. 2(b). Compared with the event-frame
representation, which compresses the event stream into a two-
dimensional spatial matrix (x,y), the event stream preserves
event-level spatial location, timestamp, and polarity information.
Therefore, in this study, the cropped event data were discretized
into 50 temporal bins within the selected time window, and the
plasma ROI was represented as a 50x70x80 event tensor. In this
tensor, the first dimension corresponds to temporal evolution,
while the other two dimensions correspond to the spatial
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distribution of plasma events. This three-dimensional event
representation was used as the auxiliary modality for the
classification model, providing richer spatiotemporal plasma
features than reconstructed images alone.

Classification task design under laser energy perturbations.
To evaluate the robustness of contamination-level classification
under laser-energy perturbations, seven laser-energy conditions
were designed, denoted as Ey—E¢, corresponding to 35, 45, 55, 65,
75, 85, and 95 mJ, respectively. The 65 mJ condition (E3) was used
as the reference energy because it provided relatively stable
plasma emission in preliminary experiments. The spectrometer
delay was set to 1.5 ps for all measurements to obtain consistent
spectral acquisition under different laser-energy conditions.

For each laser-energy condition, the 20 pressed contamination
samples were measured 50 times, resulting in 1000 paired LIBS—
DVS samples. Therefore, the complete dataset contained 7000
paired samples, and each sample consisted of one LIBS spectrum
and its corresponding DVS event stream. The contamination
levels a—e were used as the class labels. In the model output and
labels 04
contamination levels a—e, respectively.

confusion-matrix  analysis, corresponded  to

Tasks A—D were designed to investigate model performance
under progressively broadened laser-energy perturbation ranges
around the reference energy (E3). As listed in Table 2, Task A used

Atom. Spectrosc. 2026, 47(4), 538—554.



Table 1. Energy distributions of Tasks A—D for evaluating classification robustness under broadened laser-energy perturbations

Task Condition type Energy condition Laser energy (mJ) Sample distribution
A Reference-energy condition E, 65 1000
B Small-range energy perturbation E, IE5] E, 55/65/75 200/600/200
C Medium-range energy perturbation E,—Es 45/55/65/75/85 50/150/600/150/50
D Full-range energy perturbation Ey—Eg 35/45/55/65/75/85/95 40/60/100/600/100/60/40
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Fig. 3 Architecture of the proposed LIBS-DVS hybrid gated fusion spiking neural network (LD-HGF-SNN).

only the reference-energy condition, while Tasks B, C, and D
gradually expanded the energy range from small-range
perturbation to full-range perturbation. Each task contained 1000
paired LIBS-DVS samples. Each paired LIBS-DVS
measurement was treated as one classification sample. For Tasks
A-D, the paired samples were randomly divided into training and
test sets at a ratio of 8:2. Stratified random sampling was applied
according to both contamination level and laser-energy condition,
ensuring that the class proportions and energy distributions were
consistent between the training and test sets.

In addition to the fixed train—test split, five-fold cross-validation
was performed for LD-HGF-SNN under Tasks A—D. The cross-
validation was used to reduce the influence of a particular random
split and to provide a more stable evaluation of model performance
under different laser-energy perturbation ranges.

Task E was further designed to evaluate cross-energy
generalization under a stricter single-energy training and multi-
energy testing protocol. For each laser-energy condition E;, 800
paired samples were used for training and the remaining 200
paired samples were retained as the test set. A model trained at one
laser-energy condition was then evaluated on the test sets of all
seven energy conditions, resulting in a 7x7 cross-energy
evaluation matrix. The diagonal entries represent matched
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training—testing energy conditions, whereas the off-diagonal
entries indicate cross-energy generalization under different energy
mismatches.

METHODOLOGY

Overview of LD-HGF-SNN. To integrate LIBS spectral
information with DVS event-stream features, a LIBS-DVS hybrid
gated fusion spiking neural network, termed LD-HGF-SNN, was
proposed in this study. As shown in Fig. 3, the model consists of
three main components: a 1D convolutional branch for LIBS
spectral encoding, a LIF-neuron-based SNN branch for DVS
event-stream encoding, and an adaptive gated fusion module
followed by a LIF-based classifier. The LIBS branch extracts
spectral representations from elemental emission-line patterns and
global spectral distributions, whereas the DVS branch encodes
event-based plasma spatiotemporal dynamics into spike-rate
features. The two modal features are then adaptively fused for
contamination-level classification.

For the i-th sample, the LIBS spectrum is denoted as X' €
RN2, where N, is the number of wavelength sampling points.
The DVS input is represented as a three-dimensional event tensor

XP € RT*HXW \where T, H and W denote the temporal, height
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and width dimensions, respectively. Here, the superscripts L and
D identify the LIBS and DVS modalities, respectively. In this
study, the ROI-based DVS event stream was represented as a
50x70x%80 tensor, in which the first dimension corresponds to
temporal evolution and the other two dimensions correspond to the
spatial distribution of plasma events. The proposed model learns a
dual-modal classification function:

9: = Fo(xt, xP) (€Y)

where Fg denotes LD-HGF-SNN with learnable parameters 6,
and p; is the predicted contamination-level label.

Compared with LIBS-DVS methods based on event-
reconstructed images,*! the proposed framework uses a raw-event-
derived spatiotemporal DVS event tensor without reconstructing
2D event images as the auxiliary modality, thereby preserving the
temporal evolution, spatial distribution, and polarity information
of plasma events.

Dual-modal feature extraction. The LIBS spectrum contains
characteristic emission lines, peak-intensity variations, and global
spectral distribution information associated with the elemental
composition of contamination samples. To extract spectral
features from the preprocessed LIBS spectra, a one-dimensional
convolutional spectral encoder was employed'?:

zl = E; (XY) 2)
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where E;(-) denotes the LIBS spectral encoder and z! € R128
is the LIBS spectral embedding. As shown in Fig. 3, the spectral
encoder consists of an initial one-dimensional convolutional stem
followed by four residual convolutional blocks and a global
average pooling head. Specifically, the stem includes a 1D
convolution layer, group normalization, GELU activation, and
max pooling. The four residual blocks progressively increase the
channel number from 16 to 128 while reducing the spectral length.
The final head uses adaptive average pooling, a fully connected
layer, layer normalization, GELU activation, and dropout to
generate a 128-dimensional spectral embedding. This structure
enables the LIBS branch to capture local emission-line patterns
and global spectral distribution features while maintaining stable
training under limited sample size.

For the DVS modality, the ROI-based event tensor is divided
into block-wise spatiotemporal regions, as shown in Fig. 4(a). In
the implemented model, the 50x70%80 event tensor is divided into
5 temporal blocks and 6x5 spatial blocks. For each local block,
three descriptors are calculated: signed event count, active ratio,
and positive event count. They are expressed as:

_ NSk +Ngjx
deji = |Netje = Nejjo—1—7—

ok |Btjk| 'NtTj,k (3)

where N, and N, arethe numbers of positive and negative
events in the local block By ;. The descriptors of all spatial
blocks in the same temporal block are concatenated into one event
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token. Therefore, each temporal token has a dimension of
6 X 5% 3 =90, and the DVS event stream is represented as a
five-step event-token sequence.

The event-token sequence is then encoded by LIF neurons,™ as
illustrated in Fig. 4(b). Each token is projected to a 56-dimensional
embedding and converted into input current /,. The LIF neuron
dynamics are defined as

pre _
my - =Bmy_q +1;

St = H(m?re - Vth) (4)

m, =ml"*(1 —sy)
where m?™® and m, are the membrane potentials before and
after reset, s; is the spike output, 8 is the leakage factor, and
Vin 18 the firing threshold. Through membrane-potential
integration and threshold-triggered firing, the SNN branch
converts the event-token sequence into spike-based temporal
representations. The DVS event embedding is obtained by
averaging the spike outputs over all temporal blocks:

Tp

1
f=i2& (5)

t=1

where T, =5, and zP € R%® . This encoding strategy is
consistent with the sparse and asynchronous characteristics of
DVS event streams and generates a compact event representation
for subsequent dual-modal fusion.

Adaptive gated fusion and classification. Because the LIBS and
DVS embeddings have different dimensions, they are first
projected into a shared 56-dimensional feature space:

2l = P (z), 2P = Pp(z°) (©)

An adaptive gating network>!>3? then generates sample-specific
modal weights:

[wl, wP] = softmax (G([E’:,;ﬁ])) (7

where w! and wP denote the weights assigned to the LIBS and
DVS modalities, respectively. The weighted modal features are
calculated as:

L-1 =D

_L —~
z =whlzl,z" =wPz22,wlt+wP =1 (8)

Following the fusion structure in Fig. 3, the fusion input is

formed by concatenating the weighted modal features, their
absolute difference, and their element-wise interaction:

dr =LA - EOP] ()
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The fused feature is then obtained by a fully connected fusion
layer:

zF = ¢F(Z}}" (10)

where zF € R32° . This fusion design allows the model to
adaptively regulate the relative contributions of LIBS spectra and
DVS event streams, while explicitly incorporating cross-modal
discrepancy and interaction information. Compared with direct
feature concatenation, the adaptive gating module is designed to
reduce modal conflict when spectral and event-stream features are
affected differently by laser-energy perturbation.

For final classification, the fused feature is concatenated with
the original LIBS and DVS embeddings and then fed into a LIF-
based spiking classifier,>® as shown in Fig. 4(c).

z¢ = [2zF, z%, zP] (11

The concatenated feature is projected into a 128-dimensional
hidden space and then processed by a LIF-based classifier for
K = 6 time steps. The classifier uses the average firing rate as the
decision representation:

x|

r =

K
D s (12)
k=1

The class probability is obtained through a linear readout layer
and Softmax function:

P(y = c|x}F, XP) = softmax(W,r + b,). (13)

The model was trained using cross-entropy loss and the
AdamW optimizer. The main training settings were as follows:
learning rate 1 X 10™*, weight decay 8 X 1073, batch size 8,
maximum epoch 80, dropout 0.15, gradient clipping 1.0, early-
stopping patience 16, LIF leakage factor 3 = 0.95, and firing
threshold V;, = 0.70. Accuracy, macro-precision, macro-recall,
and macro-F1 were used as evaluation metrics.

RESULTS AND DISCUSSION

Single-modal classification performance under laser-energy
perturbation. Using the paired LIBS-DV'S samples acquired and
prepared as described in the “Experimental” section. four
representative classifiers, including support vector machine
(SVM), Random Forest (RF), CNN, and Transformer, were
employed for contamination-level classification using either LIBS
spectra or DVS event streams. Each classifier was evaluated under
Tasks A—D, which correspond to progressively broadened laser-
energy perturbation ranges. The results are summarized in Fig. 5.
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places for visual clarity, while the quantitative discussion in the text is based on the original unrounded metric values.

For the LIBS modality, Fig. 5(a) and (b) show that RF delivered
the strongest overall performance among the four classifiers,
achieving accuracies of 75.50%, 75.00%, 69.50%, and 69.50% in
Tasks A-D, respectively. Although its performance remained
relatively stable under small- and medium-range laser-energy
perturbations, the accuracy declined by 6.00 percentage points
from Task A to Task D, showing that LIBS-based classification
was still influenced as the energy distribution broadened. The
macro-F1 score followed a similar pattern, indicating deterioration
in both overall accuracy and class-balanced performance. These
findings suggest that laser-energy-induced variations in plasma
emission intensity and spectral response constrain the robustness
of LIBS-only models.

For the DVS event modality, Fig. 5(c) and (d) reveal a
complementary pattern. Transformer performed best among the
DVS-based classifiers, with accuracies of 77.50%, 78.50%,
74.50%, and 69.50% for Tasks A—D, respectively. Relative to
LIBS DVS
spatiotemporal information on plasma evolution and achieved
higher performance A-C. Nevertheless, DVS-
Transformer accuracy fell by 9.00 percentage points from its Task
B maximum to Task D. Its macro-F1 scores likewise decreased as
the perturbation range widened, confirming that DVS event

spectra, event streams supplied additional

in Tasks

distributions were also sensitive to substantial laser-energy
variation.
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These single-modal results indicate that LIBS spectra and DVS
event streams are complementary, yet neither modality alone
remains sufficiently robust under broadened laser-energy
perturbations. LIBS spectra provide direct elemental-emission
information but are vulnerable to energy-dependent plasma
fluctuations, whereas DVS event streams describe plasma
spatiotemporal dynamics but cannot independently offset severe
energy shifts. These observations support an adaptive dual-modal
fusion strategy that jointly uses spectral-emission features and
event-based plasma dynamics to enhance classification robustness.
It should be noted that Tasks A-D evaluate single-modal
robustness under progressively broadened mixed-energy
distributions rather than under strict single-energy training—testing

mismatch conditions.

Ablation analysis of adaptive dual-modal fusion under broad-
energy perturbation tasks. To evaluate the contributions of the
major functional components in the proposed fusion framework,
ablation experiments were conducted by comparing the spectral
branch, event branch, ungated fusion model, and complete LD-
HGF-SNN. The spectral and event branches evaluate the
independent contributions of LIBS spectral information and DVS
event-stream information, respectively. The ungated fusion model
retains both modal encoders and the subsequent multimodal
classification pathway but removes the sample-adaptive weighting
mechanism, whereas the complete model further introduces
adaptive gated fusion. In addition, TSAF Net,*! a LIBS-DVS fusion
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Table 3. Quantitative comparison of ablation variants, the reconstructed-
image fusion baseline, and the proposed LD-HGF-SNN under Tasks A-D

Model Task Accuracy Precision Recall F1
A 0.7500 0.8160 07500 0.7561

Specbranch B 0.7000 0.7155 07000 0.6993
pec-branc C 0.7250 07493 07250 0.7239
) 0.6400 0.6529  0.6400 0.6464

A 0.6800 0.6756  0.6800 0.6722

Event- B 0.7850 0.7895  0.7850 0.7868
branch c 0.7500 0.7543  0.7500 0.7506
) 0.7200 0.7205 07200 0.7202

_ A 0.7600 0.7761  0.7600 0.7610
Fusion B 0.7400 0.7543 07400 0.7411
without gate c 0.7800 0.7905  0.7800 0.7812
) 0.6650 0.6664  0.6650 0.6657

A 0.8350 0.8437 0.8350 0.8384

B 0.7450 0.8165 07450 0.7102

TSAENet” o 07300 08038 07300 06926
D 0.6500 0.6517  0.6500 0.6251

A 0.9750 0.9756  0.9750 0.9749

LD-HGF- B 0.9400 0.9419  0.9400 0.9402
SNN c 0.9300 0.9347  0.9300 0.9296
D 0.8750 0.8768  0.8750 0.8752

model based on event-reconstructed two-dimensional plasma
images, was included as a reconstructed-image fusion baseline to
compare two-dimensional event-image fusion with the proposed
three-dimensional event-tensor fusion strategy. The results are
summarized in Table 3 and Fig. 6. The complete LD-HGF-SNN
consistently achieved the best performance across all laser-energy
perturbation tasks. Its accuracies reached 97.50%, 94.00%,
93.00%, and 87.50% from Task A to Task D, respectively, with
corresponding macro-F1 scores of 97.49%, 94.02%, 92.96%, and
87.52%. Although the classification performance gradually
decreased as the laser-energy perturbation range broadened, LD-
HGF-SNN maintained a clear advantage over both the ablation
variants and the reconstructed-image fusion baseline, indicating
that the proposed three-dimensional event-stream representation
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and adaptive fusion strategy improved the robustness of
contamination-level classification under variable laser-energy
conditions.

The comparison among ablation models further reveals that the
performance improvement was not simply caused by introducing
an additional modality. The spectral branch, which relied only on
LIBS spectral information, showed clear degradation under broad
energy perturbation and achieved only 64.00% accuracy in Task
D. This result indicates that LIBS spectra remained sensitive to
energy-dependent fluctuations in plasma emission intensity and
spectral response. The event branch showed better robustness than
the spectral branch under several tasks, especially under Task D,
where it achieved 72.00% accuracy. However, DV event streams
alone were still insufficient for stable contamination-level
classification under the full-range energy condition.

The overall contribution of the adaptive gating mechanism can
be isolated by comparing the complete model with the ungated
fusion model, because the two modal encoders and the subsequent
classification pathway remain unchanged while sample-adaptive
weighting is removed. The ungated fusion model did not
consistently outperform the single-branch models and dropped to
66.50% accuracy in Task D, suggesting that direct feature fusion
may introduce modal conflict when spectral and event-stream
features are affected differently by laser-energy perturbation. In
contrast, the complete LD-HGF-SNN achieved 87.50% accuracy
in Task D, exceeding the strongest single-branch ablation variant
by 15.50 percentage points and the ungated fusion model by 21.00
percentage points. These results demonstrate that adaptive modal
weighting plays a key role in dual-modal fusion by regulating the
contributions of LIBS and DVS features at the sample level, rather
than simply combining the two modal representations.

The comparison with TSAF Net*' further evaluates the
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difference between reconstructed-image-based fusion and the
proposed spatiotemporal event-tensor fusion. TSAF Net was
originally developed for metal classification by fusing LIBS
spectra with event-reconstructed two-dimensional plasma images.
As shown in Table 3, TSAF Net achieved 83.50% accuracy and
83.84% macro-F1 under Task A, outperforming all ablation
variants except the proposed LD-HGF-SNN. This result indicates
that the reconstructed event image can provide useful
complementary information for dual-modal classification.
However, its performance was still clearly lower than that of LD-
HGF-SNN under the same task, and it did not exceed 90%
accuracy even under Task A. More importantly, TSAF Net showed
a clear performance degradation as the laser-energy perturbation
range increased. Its accuracy decreased from 83.50% in Task A to
65.00% in Task D, while its macro-F1 decreased from 83.84% to
62.51%. In contrast, LD-HGF-SNN maintained 87.50% accuracy
and 87.52% macro-F1 under Task D. This result indicates that the
reconstructed-image-based fusion strategy is less effective for the
present contamination-level classification task under broad laser-
energy perturbation. One possible reason is that TSAF Net was
designed for metal classification, where LIBS spectra usually
contain richer and more distinct elemental emission lines. In the

present contamination-level classification task, the spectral
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differences among non-metallic pollution levels are more subtle,
especially among adjacent low-contamination classes. In addition,
TSAF Net represents DVS events as reconstructed two-
dimensional images, which mainly preserve spatial plasma-
emission patterns but compress the temporal evolution of the event
stream. By directly using the three-dimensional spatiotemporal
event tensor, LD-HGF-SNN can retain both spatial and temporal
information of plasma evolution, which is beneficial for robust
classification when laser-energy perturbation changes the
emission intensity and dynamic response of the plasma.

To further analyze the class-level prediction behavior of LD-
HGF-SNN, confusion matrices were generated for Tasks A-D, as
shown in Fig.7. Under Task A, the model achieved 97.50%
accuracy and 97.49% macro-F1, with only a small number of
misclassifications among adjacent contamination levels. As the
perturbation range increased in Tasks B and C, misclassifications
became more frequent and were mainly concentrated among
labels 0, 1, and 2. This indicates that low-level contamination
classes were more difficult to distinguish when laser-energy
variation broadened the distributions of spectral emission and
event-stream responses. Nevertheless, labels 3 and 4 remained
highly distinguishable in most tasks, suggesting that the proposed
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Fig. 8 Five-fold cross-validation performance of LD-HGF-SNN under Tasks A—D: (a) Radar plot of the mean accuracy, precision, recall, and macro-F1; (b)
quantitative summary of the corresponding mean =+ standard deviation values.

model retained strong discriminative ability for

contamination levels.

higher

The confusion matrix under Task D provides a more stringent
view of the model performance under full-range laser-energy
perturbation. Under this most challenging condition, LD-HGF-
SNN still achieved 87.50% accuracy and 87.52% macro-F1. Most
errors were concentrated among labels 0—2, whereas label 3
achieved 97.50% class-wise accuracy and label 4 was completely
correctly classified. This error pattern suggests that full-range
laser-energy perturbation mainly increased the overlap among
adjacent low-level contamination classes, while the feature
differences of higher contamination levels remained sufficiently
discriminative. Therefore, the class-level analysis indicates that
LD-HGF-SNN can maintain robust classification under broad
energy perturbation, although the discrimination of adjacent low-
level classes remains the major challenge.

To assess whether the observed performance was dependent on
a particular random data split, five-fold cross-validation was
further performed for LD-HGF-SNN under Tasks A—D, as shown
in Fig. 8. The mean accuracies were 95.30%, 93.97%, 91.57%,
and 87.72% for Tasks A—D, respectively, while the corresponding
macro-F1 scores were 95.27%, 94.05%, 91.49%, and 87.74%.
The relatively small standard deviations indicate that the model
performance was stable across different stratified random splits.
Notably, the cross-validation result under Task D was consistent
with the fixed-split result, further supporting the stability of LD-
HGF-SNN under full-range laser-energy perturbation.

Taken together, the ablation comparison, confusion matrices,
and cross-validation results show that the performance gain of LD-
HGF-SNN originates from adaptive dual-modal fusion rather than
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from simple feature concatenation. These results also indicate that
LIBS spectra and DVS event streams provide complementary
information for contamination-level classification under laser-
energy perturbation. To further examine how this improvement is
reflected in the learned feature space and modal contributions,
feature visualization, spike statistics, and fusion-weight analysis
were conducted in the following section.

Interpretability analysis of feature separability and adaptive
fusion behavior. To interpret the classification behavior and
fusion mechanism of LD-HGF-SNN, representation separability,
spike activity, and adaptive fusion weights were analyzed, as
shown in Figs. 9—11. The analysis focuses on whether the learned
representations and modal weighting behavior are consistent with
the class-level prediction results observed in the section “Ablation
analysis of adaptive dual-modal fusion under broad-energy
perturbation tasks” In particular, the confusion matrices showed
that misclassifications under broadened laser-energy perturbations
were mainly concentrated among adjacent low-contamination
classes, especially labels 0—2, whereas the higher contamination
classes remained more distinguishable. Therefore, the following
analysis aims to clarify how this prediction pattern is reflected in
the feature space and how adaptive dual-modal fusion contributes
to the improved robustness of LD-HGF-SNN.

Figure 9 compares the t-SNE distributions of the 1D
convolutional spectral representations and the adaptive-fusion
representations under Tasks A—D. Solid contours denote the 95%
covariance ellipses of the five contamination classes, providing a
visual indication of class compactness and dispersion. To
complement this visualization, the silhouette coefficient (SC) and
Calinski—Harabasz index (CHI) were used to quantify the
displayed feature distributions: SC jointly reflects within-class
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Table 4 Class-separability metrics of spectral and adaptive-fusion representations across Tasks A—D

Task SC of spectral representation SC of fusion representation CHI of spectral representation CHlI of fusion representation
A 0.1986 0.5564 46.26 1322.12
B 0.0669 0.5621 52.49 855.01
C 0.0534 0.6001 30.77 2083.74
D —0.0374 0.4058 20.21 729.29

cohesion and separation from neighboring classes, whereas CHI
measures between-class dispersion relative to within-class
dispersion, with higher values indicating better class separability.>>>*
As summarized in Table 4, the spectral representation exhibited
limited clustering performance as the laser-energy perturbation
range broadened. Its SC decreased from 0.1986 in Task A to
0.0669 and 0.0534 in Tasks B and C, respectively, and became
negative (—0.0374) in Task D. The corresponding CHI values were
46.26, 52.49, 30.77, and 20.21. These results agree with the broad
and overlapping ellipses in the upper row of Fig. 9, confirming that
energy-dependent spectral variations weakened the boundaries
between adjacent contamination levels.

Adaptive fusion substantially reorganized the feature space into
more compact and class-dependent distributions. As shown in
Table 4, the SC values increased to 0.5564, 0.5621, 0.6001, and
0.4058 under Tasks A-D, respectively, while the corresponding
CHI values increased to 1322.12, 855.01, 2083.74, and 729.29.
These quantitative improvements are consistent with the smaller
covariance ellipses and clearer inter-class gaps in the lower row of
Fig. 9, particularly under Tasks B and C. Under the most
challenging Task D, partial overlap remained among labels 0-2,

https://www.at-spectrosc.com/as/article/pdf/20260035

549

but the fused representation retained a substantially clearer class
structure than the spectral representation, while labels 3 and 4
remained comparatively well separated. This pattern agrees with
the corresponding confusion matrices, in which most residual
errors occurred between adjacent low-contamination classes. The
combined visual and quantitative evidence therefore demonstrates
that adaptive fusion improves both within-class cohesion and
between-class discrimination under broadened laser-energy
perturbation.

The spike statistics in Fig. 10 further characterize the event-
driven behavior of the proposed network. The event encoder
maintained relatively low and stable spike activity across Tasks A—
D, which is consistent with the sparse and asynchronous nature of
DVS event streams. The final classifier showed a higher spike rate
than the event encoder, suggesting that more neuronal activity was
required to accumulate discriminative evidence from the fused
representations before decision making. In addition, both the event
encoder and the final classifier exhibited considerable silent-
neuron ratios, indicating that only part of the neuronal population
was activated for a given input. These results show that LD-HGF-
SNN maintained sparse firing behavior while supporting robust
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contamination-level classification. Since no direct hardware-level
power measurement was performed, the spike statistics should be
interpreted as evidence of computational sparsity rather than direct
proof of energy efficiency.

Figure 11 shows the adaptive fusion weights assigned to the
LIBS and DVS modalities. Across Tasks A—D, the DVS modality
generally received higher weights than the LIBS modality,
indicating that event-based plasma spatiotemporal dynamics
contributed strongly to classification robustness under laser-
energy perturbation. This trend is consistent with the single-modal
results in the section “Single-modal classification performance
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under laser-energy perturbation”, where DVS-based models
showed relatively better robustness than LIBS-based models
under several perturbation tasks. However, the LIBS weights
remained non-zero and varied across samples, suggesting that the
gating module did not simply replace spectral information with
DVS information. This distinction is important because LIBS
spectra provide elemental-emission information directly related to
contamination composition, whereas DVS event streams provide
complementary plasma dynamic information related to laser-
induced fluctuations. These learned weights represent the sample-
dependent discriminative contributions of the two modalities within
the trained classifier and should not be interpreted as direct
measurements of laser energy or individual plasma-state parameters.

The fusion-weight distributions also help explain the ablation
results in the section “Ablation analysis of adaptive dual-modal
fusion under broad-energy perturbation tasks”. The ungated
fusion model did not consistently improve performance,
indicating that direct feature combination may introduce modal
conflict when LIBS spectra and DVS event streams are affected
differently by laser-energy perturbation. In contrast, the adaptive
gating module assigns sample-dependent contributions to the two
modalities, allowing the model to emphasize the more reliable
event-based plasma dynamics while retaining useful elemental
spectral information. Therefore, the improved performance of LD-
HGF-SNN originates not only from the introduction of DVS
information, but also from the adaptive regulation of cross-modal
contributions.

These representation and fusion-behavior analyses support the
mechanism underlying the classification results of LD-HGF-SNN.
The fused feature space explains why the proposed model
achieved better overall performance and why adjacent low-
contamination classes remained more difficult to distinguish under
full-range perturbation. The spike statistics indicate sparse
activation behavior within the SNN components, while the fusion
weights show that the adaptive gate dynamically balances LIBS
and DVS information. However, Tasks A—D were still evaluated
under mixed-energy training conditions. To further examine
whether the learned fusion strategy can generalize when training
and testing energies are mismatched, a stricter cross-energy
evaluation was conducted in Task E.

Cross-energy generalization and robustness validation.
Although Tasks A-D demonstrated the robustness of LD-HGF-
SNN under mixed-energy training conditions, they did not fully
reveal how the model would perform when the training and testing
laser energies were mismatched. Therefore, Task E was designed
as a stricter cross-energy evaluation, in which the model was
trained using data collected at one laser-energy condition and then
tested on all seven energy conditions. This setting was used to
evaluate the sensitivity of LD-HGF-SNN to training—testing
energy mismatch.
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Figure 12(a)—(d) shows the cross-energy evaluation results of along the diagonal regions of the heatmaps, where the training and
LD-HGF-SNN in terms of accuracy, precision, recall, and macro- testing energies were identical or close to each other. This

F1. The highest values of the four metrics were mainly located diagonal-dominant pattern indicates that LD-HGF-SNN
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performed better under matched or near-matched energy
conditions, whereas larger training—testing energy differences led
to reduced classification performance.

The off-diagonal regions in Fig. 12 further show that LD-HGF-
SNN retained a certain tolerance to small energy mismatches.
When the training and testing energies were close, the model still
achieved relatively high values for all four metrics, suggesting that
the proposed fusion strategy could partially alleviate the influence
of moderate laser-energy variation. However, when the testing
energy was far from the training energy, the metrics decreased
noticeably. This result indicates that large energy mismatch
remained challenging, even though LIBS and DVS information
were adaptively fused.

The grouped results in Fig. 13 further quantify the influence of
the absolute training—testing energy difference, denoted as AE.
When AE=0 mJ, the average accuracy and macro-F1 reached
95.93% and 95.94%, respectively, confirming that LD-HGF-SNN
achieved strong classification performance under matched-energy
conditions. When AE increased to 10 and 20 mlJ, the average
accuracies remained at 91.50% and 86.60%, respectively,
indicating that the model could maintain acceptable robustness
under small to moderate energy differences.

However, a more pronounced degradation occurred when AE
exceeded 30 mJ. The average accuracy decreased from
approximately 0.83 at AE = 30 mJ to 0.79 at AE = 40 mJ, and
further dropped to 0.70 and 0.61 at AE = 50 and 60 mlJ,
respectively. A similar decreasing trend was observed for macro-
F1, which declined from approximately 0.82 at AE =30 mJ to 0.69
and 0.59 at AE = 50 and 60 mJ. These results demonstrate that LD-
HGF-SNN improves cross-energy robustness but does not make
the classification fully energy-invariant under large laser-energy
shifts.

From a practical perspective, these findings suggest that the
expected laser-energy fluctuation range should be considered
during model calibration or training. When the testing energy
differs substantially from the training energy, representative
samples collected under broader energy conditions should be
included to reduce the negative influence of energy mismatch.
This also explains why the mixed-energy training strategy used in
Tasks A-D produced more stable performance under broadened
laser-energy perturbations.

Therefore, the cross-energy results in Fig. 12 and Fig. 13 clarify
the application boundary of the proposed event-assisted fusion
strategy. LD-HGF-SNN can effectively improve the tolerance of
LIBS-based contamination-level classification to small and
moderate laser-energy variations, but large training—testing energy
mismatch remains a major challenge. This boundary should be
considered when deploying LIBS-DVS multimodal models for
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practical field detection, where representative energy perturbations
are difficult to avoid.

CONCLUSION

This study proposed a LIBS-DVS Hybrid Gated Fusion Spiking
Neural Network (LD-HGF-SNN) for robust contamination-level
classification under laser-energy perturbation. The framework
combines a raw-event-derived spatiotemporal DV'S representation,
hybrid spectral-spiking dual-branch encoding, and sample-
adaptive gated fusion. Instead of reconstructing DVS events into
two-dimensional plasma images, the proposed method retains
their temporal and spatial evolution in an event tensor and encodes
it using an LIF-neuron-based spiking branch, while a one-
dimensional convolutional branch extracts elemental-emission
information from LIBS spectra. The adaptive gated fusion module
further regulates the sample-dependent contributions of spectral
and event-stream features.

The experimental results showed that single-modal LIBS and
DVS models were both affected by broadened laser-energy
perturbations. In contrast, LD-HGF-SNN achieved consistently
higher accuracy and macro-F1 under Tasks A-D, demonstrating
the benefit of incorporating DVS-based plasma-dynamic
information into LIBS classification. The ablation results
confirmed that the performance improvement was not caused by
simple feature concatenation, but by adaptive dual-modal fusion.
The comparison with the reconstructed-image fusion baseline
further indicated that preserving the spatiotemporal structure of the
DVS event stream is more effective than using reconstructed two-
dimensional event images for contamination-level classification
under laser-energy variation.

The feature visualization, spike statistics, and fusion-weight
analysis further supported the classification results. The fused
features showed improved class separability compared with
spectral features alone, especially under broadened laser-energy
perturbations. The adaptive fusion weights indicated that the DVS
event stream provided important complementary information,
while the LIBS spectra still contributed elemental-emission
features related to contamination composition. These results
suggest that event-based plasma dynamics can serve as an
effective auxiliary descriptor for improving the robustness of
LIBS analysis under unstable laser-energy conditions.

Cross-energy evaluation further clarified the application
boundary of the proposed method. LD-HGF-SNN maintained
good performance under matched or moderately mismatched
laser-energy conditions, but its performance decreased when the
training—testing energy difference became large. Therefore, the
proposed LIBS-DVS fusion strategy improves classification
robustness but does not make the model fully invariant to large
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laser-energy shifts. For practical field detection, representative
laser-energy variations should be included during calibration or
training. Future work will further evaluate the method using
specified real-insulators, naturally contaminated field samples,
and more realistic field conditions.
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