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 A B S T R A C T

Voltammetry is a promising technique for estimating heavy metal pollution such as Cadmium (Cd2+) and 
Lead (Pb2+) in water. Its advantages include rapid analysis and cost-effectiveness over established methods 
like Atomic Absorption Spectroscopy (AAS) and Inductively Coupled Plasma - Mass Spectrometry (ICP-MS). 
However, current analysis often depends only on peak data, ignoring the rest of the voltammetric signal 
which may contain useful information that could potentially improve measurement accuracy. To address this 
limitation, the Cross-Attention Feature Fusion (CAFF) network is proposed to analyze Cyclic Voltammetry (CV) 
signals acquired using a 3-electrode setup with a Glassy Carbon Electrode (GCE) as the working electrode, 
Platinum as the counter, and Ag/AgCl as the reference. Unlike standard self-attention mechanisms or simple 
concatenation fusion methods, CAFF introduces a novel dual-stream architecture that dynamically captures 
the inter-dependencies between raw CV signals and extracted peak data—an approach previously unexplored 
in electrochemical sensing. The model integrates an Improved Beluga Whale Optimization (IBWO) algorithm 
that automatically determines the optimal hyperparameters, resulting in a more robust model. Robustness 
was assessed using Chemically-Informed Degradation Simulation (CIDS). As a result, the proposed CAFF-
IBWO model demonstrated superior performance, achieving R2 values of 0.97 for Cd2+ and 1.00 for Pb2+. 
It also significantly reduced the Mean Absolute Percentage Error (MAPE) by 65.79% for Cd2+ and 72.50% for 
Pb2+ compared to single-input attention networks. Furthermore, CAFF-IBWO exhibited remarkable resilience 
against signal degradation, maintaining stable prediction performance across varying noise conditions. While 
the study focuses specifically on Cd2+ and Pb2+ and requires further validation for broader generalization, the 
demonstrated performance is highly promising. These findings underscore the model’s potential for real-world 
environmental sensing applications.
1. Introduction

The contamination of aqueous environments by heavy metals such 
as Cadmium (Cd2+) and Lead (Pb2+) poses severe threats to ecosystems 
and public health [1,2]. Cd2+ and Pb2+ are non-essential elements 
with high toxicity even at trace concentrations [3]. Cd2+ exposure can 
cause kidney failure, bone diseases, and cancer [4–6]. Meanwhile, Pb2+
exposure can cause permanent neurological damage, lead to cardio-
vascular issues, and is particularly harmful to children’s developing 
nervous systems [7,8]. Monitoring Cd2+ and Pb2+ concentrations in 
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water sources is therefore critical for environmental protection and 
public health safety.

While conventional methods like Atomic Absorption Spectroscopy 
(AAS) [9] and Inductively Coupled Plasma Mass Spectrometry (ICP-
MS) [10,11] offer high sensitivity, their high cost and laboratory depen-
dence limit real-time monitoring [12]. In contrast, voltammetry pro-
vides a portable, cost-effective alternative [13], though accurate quan-
tification remains challenging due to signal complexity, overlapping 
peaks, and matrix effects [14].
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Table 1
Comparative analysis of previous studies on heavy metal estimation.
 Metal detected Method ML/DL Feature 

fusion
Hyper-parameter 
optimization

Model 
performance (R2)

Robustness 
evaluation

Ref.  

 Cd, Cu, Pb, Ni, Zn, 
Cr, and Mn

AAS – – – – – [9]  

 Cd, Cu, Ni, Pb, and 
Zn

ICP-OES – – – – – [20]  

 Cr, Cd, Hg, and Pb ICP-MS – – – – – [10]  
 Pb and Cd Voltammetry – – – – – [21]  
 Cd and Cu Voltammetry Yes, CNN No No 0.996 No [22]  
 Pb and Cd Voltammetry Yes, SVR No No 0.995 No [17]  
 Pb and Cd Voltammetry Yes, Neural 

Network
Yes No Cd: 0.974

Pb: 0.999
No [23]  

 Pb and Cd Voltammetry Yes, CAFF and 
CAFF-IBWO

Yes Yes Cd: 0.97
Pb: 1.00

Yes This research 
Machine Learning (ML) and Deep Learning (DL) have emerged as 
powerful tools for extracting meaningful patterns from complex data, 
that ideally suited for interpreting voltammetric signals [15]. The task 
of estimating metal concentration is fundamentally a regression prob-
lem, where the goal is to learn a mapping function from input features 
(the voltammetric data) to a continuous output (concentration) [16]. 
While traditional ML models like Support Vector Regression (SVR) have 
been applied [17], DL models, with their capacity for hierarchical fea-
ture learning, can automatically discover intricate relationships within 
the data [18]. Nevertheless, a primary challenge in developing effective 
regression models lies in feature representation. Raw voltammetric 
signals are high-dimensional and contain complex electrochemical in-
formation, making it difficult to fully capture the underlying non-linear 
dependencies through simple manual feature extraction methods. Cur-
rent analysis often depends only on peak data [19]. However, this 
approach has significant limitations as it oversimplifies the data. Rely-
ing solely on peak data discards valuable signal patterns hidden in the 
full voltammogram, which may contain useful information that could 
potentially improve measurement accuracy.

Existing DL studies in voltammetry [17,22], primarily employ a 
comparative approach using single-input designs — relying solely on 
either raw voltammetric signals or extracted peak features — to de-
termine individual efficacy rather than fusing complementary inputs. 
Furthermore, while data fusion has been explored [23], it typically 
relies on static splicing, which rigidly combines inputs without an-
alyzing their mutual relationships. In contrast, this study introduces 
a collaborative Dual-Input architecture DL employing attention-based 
fusion, where raw voltammetric data acts as a query to dynamically 
weigh the importance of peak features, preventing information loss and 
surpassing the limitations of static concatenation.

The performance of DL models is highly dependent on their hy-
perparameters [24]. Manual tuning is particularly challenging because 
hyperparameters are often interdependent. For instance, changing the 
batch size typically requires a corresponding adjustment in the learn-
ing rate to maintain stability. This makes the trial-and-error process 
labor-intensive and prone to suboptimal results [25]. Therefore, a 
systematic approach to optimization becomes crucial. However, as 
detailed in Table  1, prior voltammetric DL studies lack comprehensive 
optimization strategies. Addressing this gap, this work integrates a 
metaheuristic-based approach for automated hyperparameter tuning.

Beyond optimization, model robustness presents a further challenge; 
a model may excel on pristine laboratory data yet fail when exposed to 
complex environmental conditions [26]. Consequently, rigorous robust-
ness evaluation is critical. It ensures that the model remains reliable de-
spite inevitable signal degradations and matrix variances encountered 
in practical deployment scenarios [27]. Table  1 shows a comparison 
of several previous studies that estimate heavy metals concentration, 
including Cd2+ and Pb2+.

Based on the outlined background and reviewed literature, this 
research proposes the following contributions:
2 
1. We propose a novel Cross-Attention Feature Fusion (CAFF) net-
work that dynamically integrates raw voltammetric data and peak 
features for superior estimation accuracy of Cd2+ and Pb2+.

2. We introduce a comprehensive robustness evaluation protocol using 
the Chemically-Informed Degradation Simulation (CIDS) framework 
to ensure model performance under realistic, non-ideal conditions.

3. We integrate the Improved Beluga Whale Optimization (IBWO) 
algorithm for hyperparameter tuning of the CAFF network. The 
performance of IBWO is compared against three other evolution-
ary algorithms: the Non-dominated Sorting Genetic Algorithm II 
(NSGA-II), Genetic Algorithm (GA), and Differential Evolution (DE).

The rest of this paper is structured as follows. Section 2 details our 
proposed CAFF network architecture and hyperparameter optimization 
approach. Section 3 presents the experimental results with discussion 
on model performance and robustness. Finally, Section 4 concludes the 
paper and suggests future research directions.

2. Proposed method

This section details the comprehensive framework developed for 
estimating Cd2+ and Pb2+ concentrations in aqueous samples. The 
methodology consist of five key stages: (1) data acquisition and prepro-
cessing of voltammetric signals, (2) feature fusion using CAFF network, 
(3) hyperparameter optimization using the IBWO algorithm, (4) gener-
ation of realistic degraded data using CIDS, and (5) model robustness 
evaluation. Fig.  1 illustrates the integrated workflow of the proposed 
method.

2.1. Data acquisition and preprocessing

The experimental procedure begins with the preparation of standard 
solutions containing Cd2+ and Pb2+ ions. A total of 15 concentration 
levels were prepared for each metal, covering a range from 2 ppm to 
1000 ppm. The specific concentrations used were 2, 4, 6, 8, 10, 20, 40, 
60, 80, 100, 200, 400, 600, 800, and 1000 ppm. Each standard solution 
was formulated using high-purity Pb(NO3)2 and Cd(NO3)2 powders 
dissolved in a 0.1 M KCl electrolyte solution. This specific electrolyte 
was selected based on established studies [28,29], as it facilitates 
efficient electron transfer kinetics, thereby enabling the electrochemical 
oxidation and reduction processes of the target analytes.

Following the solution preparation, the electrochemical setup was 
configured using a potentiostat with a standard three-electrode system, 
comprising a Glassy Carbon Electrode (GCE) as the working electrode, 
an Ag/AgCl (with 3M KCl filling) as the reference electrode, and a Plat-
inum wire as the counter electrode [30]. Subsequently, voltammetric 
measurement was conducted with specific configuration: for Cd, the 
potential was scanned from −1.4 V to −0.5 V, while for Pb, the scan 
ranged from −1.0 V to −0.1 V. The resulting current-potential data was 
recorded as voltammograms and saved in Excel file format, serving as 
the raw data for the proposed fusion model, capturing the complete 
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Fig. 1. The overall workflow for estimating Cd2+ and Pb2+ concentrations in water samples.
Fig. 2. Example voltammograms for (a) Cd2+; and (b) Pb2+.
electrochemical profile [31]. Fig.  2 displays example voltammograms 
for (a) Cd2+ and (b) Pb2+, showing their characteristic upper and lower 
peaks. It is important to note that these distinctive peaks are not always 
present; at lower concentrations, the peaks can become very weak or 
even undetectable.

A set of 14 distinct peak features (7 for each upper and lower peak) 
was extracted from the voltammograms for subsequent analysis. The 
extracted features comprise: peak presence (a binary Yes/No indicator), 
start current of the peak, peak current, end current of the peak, peak 
area, skewness of the peak, and kurtosis of the peak.

The peak feature extraction process utilizes an automated signal 
processing algorithm based on Topographic Prominence. This metric 
measures the vertical distance between a peak’s apex and its lowest sur-
rounding contour line, quantifying how much a peak stands out relative 
to the local baseline. Accordingly, the peak current is determined as the 
local maximum value at the identified apex. When a peak is successfully 
detected using this criterion, the integration boundaries are determined 
dynamically based on the peak’s geometry (specifically the Width at 
Relative Height). Conceptually, this method identifies the peak’s apex 
and projects downwards to the base of the signal. The specific points 
where the horizontal width line at this level intersects the left and right 
slopes of the peak are identified as the start current and end current of 
the peak.
3 
Consequently, the peak area is defined by the region between the 
start current and end current points, as illustrated in Fig.  3. The peak 
area is calculated using a discrete summation approach. This method 
partitions the region under the curve into multiple narrow rectangles, 
each with a fixed potential interval (𝛥𝐸) and a height equal to the 
measured current (𝐼) at that specific potential (𝐸). The total area is 
then obtained by summing the areas of all these individual rectangles, 
following the formulation in Eq.  (1). 

Area =
𝑛
∑

𝑖=1
𝑓 (𝑥𝑖) ⋅ 𝛥𝑥 (1)

Where 𝑓 (𝑥𝑖) is the function value (current) at point 𝑥𝑖, 𝑛 is the total 
number of discrete points (or intervals) within the range of the peak, 
and 𝛥𝑥 is the difference between two adjacent potential values.

In cases where a distinct peak is absent from the voltammogram, 
such as in low-concentration samples where signal detection is chal-
lenging, the area is calculated within a predefined fix potential window 
to ensure consistent feature extraction. The specific voltage ranges 
applied are (−0.9 V, −0.6 V) for the upper window and (−1.1 V, 
−0.8 V) for the lower window of Cd. For Pb, the upper window is 
defined as (−0.4 V, −0.2 V) and the lower window as (−0.6 V, −0.4 
V). These potential windows were empirically determined based on 
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Fig. 3. Illustration of upper and lower peak area.
Fig. 4. Illustration of the fixed-window area calculation method applied to voltammograms without distinct peaks for (a) Cd2+; and (b) Pb2+.
the peak locations observed in high-concentration voltammograms, 
ensuring that the integration captures the region of interest where the 
electrochemical reaction occurs. This fixed-window area calculation 
approach is illustrated in Fig.  4 for (a) Cd2+ and (b) Pb2+. Furthermore, 
skewness and kurtosis are computed to quantify the peak’s shape. 
Skewness measures the asymmetry of the current distribution around 
the peak [32], while kurtosis indicates its sharpness [33].

2.2. CAFF network architecture for fusing raw signals and peak features

Cross-Attention Feature Fusion (CAFF) network is designed to in-
tegrate two complementary types of voltammetric features to enhance 
model performance in estimating the concentrations of heavy metals 
Cd2+ and Pb2+. The two input features are the raw voltammetric data 
and the extracted peak feature from the previous stage. By applying 
cross-attention between these two feature sets, the model can dy-
namically identify and combine the most informative aspects of both 
representations, producing a more robust and context-enriched feature 
embedding. Fig.  5 shows the proposed CAFF network architecture.

In CAFF, the raw voltammetric data act as the query channel (𝑄), 
while the extracted signal shape features serve as the key channel (𝐾) 
and value channel (𝑉 ). The input representations are defined in Eq.  (2). 

Input
{

𝐼 ∈ R𝐿𝐼×𝑑

𝐿𝑝×𝑑
(2)
𝑝 ∈ R
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Where 𝐼 is the current in raw voltammetric data, 𝑝 is the peak features, 
𝐿𝐼  is the number of current values in the raw voltammetric data, 𝐿𝑝 is 
the number of peak features, and 𝑑 is the embedding dimension.

Each input is first transformed through a linear projection layer to 
a shared embedding dimension (𝑑). Learnable positional encodings are 
added to encode the sequential order of the voltammetric scan, which 
is crucial for preserving electrochemical information tied to applied 
potential. The resulting representations then serve as the query, key, 
and value matrices, as formulated in Eq.  (3). 

𝑄 = 𝐼𝑊𝑄, 𝐾 = 𝑝𝑊𝐾 , 𝑉 = 𝑝𝑊𝑉 (3)

Where 𝑄, 𝐾, 𝑉  denote the query, key, and value matrices, respec-
tively. 𝑊𝑄, 𝑊𝐾 , and 𝑊𝑉  denote the corresponding learnable projection 
weights for each mapping.

The attention mechanism computes the similarity between the 
query (𝑄) and key (𝐾) matrices through Eq.  (4) [34]. 

𝐴 = softmax
(

𝑄𝐾𝑇
√

𝑑

)

(4)

Where 𝐴 represents the attention score matrix, and 𝐾𝑇  is the transpose 
of 𝐾. This operation allows each element in the raw voltammetric data 
to selectively attend to the most relevant regions of the extracted peak 
features. The attention score is then applied to the value (𝑉 ) matrix to 
generate the cross-attention output as defined in Eq.  (5). 

𝑎′ = 𝐴 ∙ 𝑉 (5)
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Fig. 5. The proposed CAFF network architecture for estimating Cd2+ and Pb2+ concentrations from fused raw voltammetric data and peak features.
Table 2
Hyperparameter search space for the CAFF model optimization.
 Hyperparameter Symbol Description Search values Ref.  
 Model dimension d_model Size of the feature vector representation at each model layer. {64, 128, 256} [35–37]  
 Attention heads nhead Number of parallel attention mechanisms within each encoder layer. {4, 8, 16} [36,38,39] 
 Encoder layers num_layers Total count of stacked encoder blocks in the architecture. {2, 3, 4} [36,37,40] 
 Dropout rate dropout Fraction of neurons randomly deactivated to prevent overfitting. {0.1, 0.2, 0.3} [37,41,42] 
 Learning rate lr Step size magnitude controlling weight updates during optimization. {0.0005, 0.001, 0.002} [43–45]  
Where 𝑎′ is the Multi-head Cross-Attention result that captures informa-
tion from both raw voltammetric data and peak features. Subsequently, 
𝑎′ is combined with the residual (𝛾) from the first stage and normalized 
using LayerNorm according to Eq.  (6). 
𝑥 = LayerNorm(𝑎′ + 𝛾) (6)

Where 𝑥 is the normalized matrix. This matrix (𝑥) then passes through 
a Feed-Forward layer using Eq.  (7). 
ℎ = 𝜎

(

𝑥𝑊1 + 𝑏1
)

𝑊2 + 𝑏2 (7)

Here, ℎ represents the feature fusion result matrix, 𝜎 is the activation 
function, 𝑥 is the Feed-Forward layer input originating from the nor-
malized matrix. 𝑊1, 𝑊2 and 𝑏1, 𝑏2 are the weights and biases of the 
two linear layers, respectively.

A second residual connection combines ℎ with 𝑥, followed by an-
other LayerNorm, producing the output of encoder layer. This encoder 
layer can be repeated multiple (𝑛) times before the final representation 
is passed to a regression head, generating the estimated Cd2+ and Pb2+
concentrations.

The performance of the proposed CAFF model is rigorously com-
pared against a standard attention network, commonly known as a 
Transformer Encoder (TE) [46]. Two TE variants are examined: a 
model using only peak features (TE-Peak) and a model using only raw 
voltammetric data (TE-Raw). This comparison is particularly meaning-
ful because both CAFF and TE share the same fundamental attention 
mechanism, enabling a direct evaluation of the CAFF’s architectural 
enhancements. Model performance is evaluated using 𝑅2, MSE, MAE, 
and MAPE [47] under stratified 5-fold cross-validation [48]. Results are 
presented as boxplots displaying average metric values and standard 
deviations to highlight stability. Additionally, training-validation loss 
curves are analyzed to verify generalization and ensure the absence of 
overfitting [49].
5 
2.3. Hyperparameter tuning using IBWO

The optimization of the CAFF model is conducted using the IBWO 
algorithm for hyperparameter tuning. IBWO is an enhanced meta-
heuristic algorithm that addresses limitations in the standard BWO 
approach through two significant enhancements [50]. First, chaotic 
map initialization using logistic chaotic mapping enhances population 
diversity in IBWO. This initialization strategy promotes a more uni-
form distribution of initial solutions across the search space, thereby 
preventing premature convergence to local optima. The mathematical 
representation of this chaotic mapping is provided in Eq.  (8). 
𝑥𝑎+1 = 4𝑥𝑎(1 − 𝑥𝑎) (8)

Where 𝑥𝑎 and 𝑥𝑎+1 represent chaotic values between 0 and 1 at itera-
tions 𝑎 and 𝑎 + 1, respectively.

Second, a non-linear exploration probability mechanism is imple-
mented in IBWO. This adaptive approach facilitates extensive global 
exploration during initial iterations, with a progressive shift toward 
intensive local exploitation in later stages. Consequently, the balance 
between exploration and exploitation is effectively maintained through-
out the optimization process. The formulation of this mechanism is 
defined in Eq.  (9). 

𝑝 (𝑇 ) = 1 − 𝑇
𝑇max

(9)

Where 𝑝(𝑇 ) denotes the exploration probability at iteration 𝑇  and 𝑇max
represents the maximum number of iterations.

The hyperparameter optimization process for the CAFF network ar-
chitecture focuses on five key parameters, as detailed in Table  2. These 
search intervals were established based on a synthesis of optimal ranges 
reported in prior deep learning studies. This approach allows the opti-
mization algorithm to focus directly on the most promising parameter 
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Table 3
Internal settings for the applied optimization algorithms.
 Algorithm Parameter Value/Setting  
 Balance factor 0.5  
 Levy flight parameter 1.5  
 
IBWO

Chaotic map function Logistic map (Eq. (8))  
 Crossover rate 0.8  
 Mutation rate 0.1  
 
GA

Selection strategy Tournament selection  
 Selection strategy Binary tournament  
 Mutation rate 0.1  
 Sorting strategy Non-Dominated sorting 
 Diversity strategy Crowding distance  
 

NSGA-II

Crossover rate 0.9  
 Scaling factor 0.8  
 DE Crossover rate 0.7  

regions, thereby improving search efficiency and avoiding unnecessary 
exploration of improbable values. The optimization utilizes MSE as 
the fitness function to identify hyperparameter configurations that 
minimize prediction errors.

The performance evaluation of IBWO includes comparisons with 
three established evolutionary algorithms: GA [51,52], NSGA-II [53,
54], and DE [55,56]. These methods were selected based on their 
foundation in natural-inspired optimization principles. To ensure a 
rigorous and consistent evaluation, the hyperparameter optimization 
process utilized the same stratified 5-fold cross-validation framework 
described in Section 2.2. Most importantly, the exact same data folds 
were applied across all evaluated algorithms (IBWO, GA, NSGA-II, and 
DE) to avoid any bias from data splitting. Furthermore, to ensure 
reproducibility, the specific internal parameter settings for all applied 
algorithms are provided in Table  3.

Regarding the proposed IBWO, the balance factor and Levy flight 
index were set to 0.5 and 1.5, respectively, following recommenda-
tions of the standard literature [57]. For the computational budget, 
a standardized configuration was applied across all algorithms, where 
the population size and maximum iterations were both set to 10. 
This specific configuration was adopted primarily due to the high 
computational cost of the fitness function, which involves training a 
deep learning model under a 5-fold cross-validation scheme. Crucially, 
the limited population size is effectively compensated by the IBWO’s 
chaotic initialization mechanism using the Logistic Map (Eq.  (8)). Un-
like standard random initialization, the Logistic Map ensures a highly 
uniform distribution of the initial population across the search space, 
thereby maximizing exploration diversity even with fewer agents. Fur-
thermore, the selection of these specific constraints is supported by 
prior studies [58], which demonstrated that metaheuristic optimization 
— specifically the IBWO algorithm — utilizing a population size of 
10 and 10 iterations can still yield significant improvements in deep 
learning model performance.

2.4. Chemically-informed degradation simulation (CIDS)

To evaluate model robustness under realistic electrochemical sensor 
conditions, a CIDS framework is developed. This module generates 
degraded voltammetric data by simulating five common sensor degra-
dation phenomena that occur in real-world measurements: baseline 
drift, random electronic noise, peak broadening, signal attenuation, 
and low-frequency thermal drift. A degradation level of 0.03 was 
set to represent moderate sensor deterioration. The output consists 
of degraded voltammograms that retain the original voltage–current 
relationship while displaying distortion patterns characteristic of aged 
electrochemical sensors.
6 
2.5. Model robustness evaluation

Model robustness is assessed using two metrics: Effective Robustness 
(𝜌) to gauge stability under shifts, and Relative Robustness (𝜏) to quan-
tify the impact of interventions [59]. In this study, 𝜌 and 𝜏 are derived 
using MSE to reflect prediction consistency under degraded conditions. 
The metrics are calculated based on four specific values: MSE1(𝑓 ) and 
MSE2(𝑓 ) represent the performance of the proposed model 𝑓 on the 
standard and degraded test sets, respectively, while MSE1(𝑓base) and 
MSE2(𝑓base) denote the corresponding performance for the baseline 
model 𝑓base.

The effective robustness is defined by Eq.  (10): 
𝜌 = MSE2(𝑓 ) − 𝛽(MSE1(𝑓 )) (10)

Where 𝛽(𝑥) denotes the expected baseline MSE on degraded test set 
for given MSE on standard test set, derived from log-linear fitting of 
baseline models.

The relative robustness is defined by Eq.  (11): 
𝜏 = MSE2(𝑓 ) −MSE2(𝑓base) (11)

Robustness is demonstrated by negative values for both metrics, 
where lower (more negative) values indicate higher degree of robust-
ness against data degradation.

3. Results and discussions

3.1. Data characteristics and preprocessing results

This study utilizes a voltammetric dataset of 1500 voltammograms, 
comprising 750 measurements each for Cd2+ and Pb2+. Each metal is 
represented by 15 concentration levels, with 50 samples per level.

Fig.  6 presents the voltammetric profiles for both Cd2+ and Pb2+. 
Figs.  6a (Cd2+) and 6b (Pb2+) provide 3D visualizations, plotting a 
single representative voltammogram per concentration level. Further-
more, to accommodate the wide dynamic range of the response and 
prevent the smaller peaks at low concentrations from being obscured 
by the larger signals, the 2D visualizations are separated into distinct 
concentration ranges. Figs.  6c and 6d display the profiles for the 
200–1000 ppm concentration range, while Figs.  6e and 6f detail the 
2–100 ppm concentration range for Cd2+ and Pb2+, respectively. A key 
observation is the strong concentration dependence of peak prominence 
- at lower concentrations, the peaks become significantly weaker and 
broader. This phenomenon poses a substantial challenge for accurate 
quantification, which the proposed CAFF network specifically aims to 
address through its dual-pathway feature fusion approach.

3.2. Performance analysis of CAFF-IBWO model

This section evaluates the performance of CAFF-IBWO in estimating 
Cd2+ and Pb2+ concentrations. The analysis begins with a comparison 
against single-feature TE baselines, followed by an examination of 
hyperparameter optimization methods (including IBWO), predictive 
performance visualization, and overfitting analysis.

3.2.1. CAFF performance
The CAFF model was evaluated against single-modality baselines 

(TE-Peak and TE-Raw), with results detailed in Table  4. The result re-
veals a clear hierarchy: models utilizing raw signals (TE-Raw and CAFF) 
substantially outperform the peak-only approach (TE-Peak), which ex-
hibited high error rates (MAPE > 100%). This confirms that critical 
information is embedded within the complete signal structure be-
yond just peak parameters. Most importantly, CAFF outperforms the 
best single-stream baseline (TE-Raw), achieving a 6%–9% reduction in 
MSE and MAE for both metals. This improvement validates the cross-
attention mechanism, which effectively contextualizes raw signals with 
peak metrics.
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Fig. 6. Voltammetric profiles of Cd2+ (a, c, e) and Pb2+ (b, d, f). (a–b) 3D representations, with corresponding 2D plots for (c–d) 200–1000 ppm and (e–f) 
2–100 ppm ranges.

Fig. 7. Performance distribution of the TE-Peak, TE-Raw, and CAFF models across validation folds for (a) R2; (b) MSE; (c) MAE; and (d) MAPE metrics. The 
boxplots visualize the mean (central point) and variability (standard deviation range) of each model’s performance.
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Fig. 8. Comprehensive visualization of model performance and training dynamics for Cd2+ (a–d, i–l) and Pb2+ (e–h, m–p) estimation. (a–d, e–h) Prediction versus 
actual concentration plots for (a, e) TE-Peak; (b, f) TE-Raw; (c, g) CAFF; and (d, h) CAFF-IBWO models. (i–p) Corresponding training and validation loss curves, 
demonstrating convergence behavior and generalization capability across epochs.
Table 4
Performance comparison of CAFF against Transformer Encoder (TE) models 
using single data types (raw data only or peak features only) for Cd2+ and 
Pb2+ concentration estimation. 
 Heavy metal 
category

Model Metric

 R2 MSE MAE MAPE

 TE-Peak 0.93 6718.03 35.90 128.27 
 TE-Raw 0.97 2774.28 21.84 55.36  
 
Cd2+

CAFF 0.97 2605.67 18.84 56.76  
 TE-Peak 0.99 654.35 20.99 198.25 
 TE-Raw 0.99 158.39 9.62 68.78  
 
Pb2+

CAFF 0.99 151.55 8.71 61.49  

Notably, in Fig.  7, CAFF exhibits the smallest standard deviation 
across all evaluation metrics for both metals, indicating its superior 
stability and consistent generalization capability across all data folds. 
Visual analysis of prediction plots (Figs.  8a – 8c and 8e – 8g) confirms 
that CAFF achieves the tightest clustering along the ideal regression 
line, while all loss curves (Figs.  8i – 8k and 8m – 8o) demonstrate stable 
convergence without overfitting.

3.2.2. Hyperparameter optimization results
The impact of hyperparameter tuning was assessed by comparing 

IBWO against GA, NSGA-II, DE, and the untuned CAFF baseline (Table 
5). To ensure a fair and rigorous comparison, all evaluated optimiza-
tion algorithms were executed using the identical search space and 
parameter constraints as defined previously in Table  2. The results 
indicate that standard metaheuristics (GA, NSGA-II, DE) occasionally 
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Table 5
Performance comparison of CAFF optimized with different hyperparameter 
tuning algorithms.
 Heavy metal 
category

Model Metric

 R2 MSE MAE MAPE

 CAFF 0.97 2605.67 18.84 56.76 
 CAFF-IBWO 0.97 2585.47 18.70 43.88 
 CAFF-NSGAII 0.97 2694.95 19.47 50.01 
 CAFF-GA 0.97 2596.47 19.18 47.14 
 

Cd2+

CAFF-DE 0.97 2611.45 19.01 56.94 
 CAFF 1.00 151.55 8.71 61.49 
 CAFF-IBWO 1.00 148.58 7.45 54.53 
 CAFF-NSGAII 1.00 170.23 8.56 61.34 
 CAFF-GA 1.00 167.68 8.37 58.89 
 

Pb2+

CAFF-DE 1.00 128.70 7.19 60.35 

yielded suboptimal configurations, leading to higher error rates than 
the baseline. In contrast, CAFF-IBWO consistently delivered the best 
performance. It maintained high 𝑅2 scores while significantly reducing 
MAPE by 22.7% for Cd2+ and 11.3% for Pb2+ compared to the baseline, 
confirming that the optimized hyperparameters effectively refine the 
model’s precision.

Furthermore, visual analysis confirms the superior performance of 
the IBWO-tuned model. The predictive plots in Figs.  8d and 8h show 
the tightest clustering along the regression line, while boxplot analysis 
(Fig.  9) reveals that CAFF-IBWO exhibits the lowest standard deviation 
across folds, indicating superior consistency in its performance. These 
advantages are attributed to IBWO’s chaotic initialization and adaptive 
exploration mechanism, which navigates the complex hyperparameter 
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Fig. 9. Performance evaluation of the CAFF models across validation folds for (a) R2; (b) MSE; (c) MAE; and (d) MAPE metrics. The boxplots visualize the mean 
(central point) and variability (standard deviation range) of each model’s performance.
Fig. 10. Signal degradation and robustness analysis. (a–b) Original vs. CIDS-degraded voltammograms for (a) Cd2+ and (b) Pb2+; (c–d) Effective (𝜌) and Relative 
(𝜏) robustness comparison between CAFF and CAFF-IBWO models on degraded data.
space more effectively than other algorithms. Finally, the learning 
curves (Figs.  8l, 8p) display minimal validation gaps, especially in the 
Pb2+ learning curve, demonstrating that CAFF-IBWO achieves robust 
generalization with a markedly lower risk of overfitting compared to 
other configurations.

3.3. Robustness evaluation using CIDS-generated data

The model’s resilience against sensor degradation was assessed us-
ing 150 CIDS-generated samples per metal. Figs.  10a and 10b illustrate 
representative 200 ppm voltammograms for (a) Cd2+ and (b) Pb2+ after 
CIDS degradation, showing significant noise and baseline fluctuations 
compared to the original signals. Figs.  10c and 10d compares the 𝜌
and 𝜏 metrics. The results demonstrate that both CAFF and CAFF-IBWO 
exhibit strong robustness characteristics, with each model showing 
particular suitability for different metal species.
9 
For Cd2+ estimation, CAFF-IBWO demonstrates excellent robustness 
properties, with 𝜌 and 𝜏 values of −147,750 and −102,466, respec-
tively. The standard CAFF also maintains good robustness with values 
of −140,393 and −102,188, confirming that both architectures pro-
vide reliable performance for Cd2+ detection under data degradation 
conditions. In Pb2+ estimation, the standard CAFF shows remarkable 
robustness with 𝜌 value of −922,714 and 𝜏 value of −523,440. CAFF-
IBWO also maintains substantial robustness with values of −323,652 
and −239,561, respectively, indicating that both models are well-suited 
for Pb2+ estimation. The differential performance patterns reveal com-
plementary advantages between the two approaches, with each model 
demonstrating robust characteristics for specific metal types. CAFF-
IBWO shows excellent adaptation for Cd2+ detection, potentially due 
to its optimized handling of complex voltammetric signals, while the 
standard CAFF exhibits strong inherent suitability for Pb2+ estimation. 
Importantly, both CAFF and CAFF-IBWO significantly outperformed the 



R.A. Putri et al. Chemical Engineering Journal Advances 26 (2026) 101065 
TE-Peak feature baseline across all robustness metrics, collectively con-
firming the advantage of cross-attention feature fusion in maintaining 
stable performance under data degradation conditions for Cd2+ and 
Pb2+ estimation.

4. Conclusions

This study presents a robust framework for detecting Cd2+ and 
Pb2+ in water samples by integrating raw voltammetric data and peak 
features through cross-attention fusion enhanced with evolutionary 
optimization. The proposed CAFF-IBWO model demonstrates superior 
estimation accuracy with R2 values of 0.97 for Cd2+ and 1.00 for 
Pb2+. Compared to the standard CAFF model without optimization, 
it achieves a significant MAPE reduction of 11%–23%. Furthermore, 
when evaluated against the standard attention network with a single 
feature (TE-Peak), the CAFF-IBWO model shows a remarkable im-
provement, reducing the MAPE by 65.79% for Cd2+ and 72.50% for 
Pb2+ estimation. The robustness evaluation under data degradation 
confirms that both CAFF and CAFF-IBWO maintain reliable perfor-
mance in estimating Cd2+ and Pb2+ concentrations. This framework 
provides a reliable solution for environmental monitoring that remains 
accurate even with suboptimal data quality, with future work focusing 
on validation with diverse real-world samples.
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