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Abstract 

Background Pinellia ternata is the botanical source of Pinelliae Rhizoma (Banxia), a medicinal 

material widely used in Chinese medicine. The morphologically similar adulterant P. pedatisecta 

reportedly contains higher levels of toxic lectins and differs in therapeutic indications and processing 

requirements, raising safety and efficacy concerns. We developed an explainable hyperspectral 

framework for nondestructive authentication across physical forms. 

Methods Visible and near-infrared (VNIR; 400–1000 nm) and short-wave infrared (SWIR; 900–1700 

nm) hyperspectral images were acquired from both species in tuber, slice, and powder forms. HyGD-Net 

integrates Savitzky–Golay-initialized learnable derivative filters, three convolutional branches, and 

position-wise gated fusion. It was compared with six classifiers across seven multi-form scenarios. 

Integrated Gradients identified recurrent wavebands, and GC–TOF–MS profiling assessed their chemical 

plausibility. 

Results HyGD-Net achieved VNIR accuracies of 91.55–100.00%, with a mean of 94.46% and the 

lowest cross-scenario variability. In SWIR, HyGD-Net and ResNet achieved 100.00% accuracy in all 

scenarios, while other models also approached ceiling performance. Ablation analysis showed a mean 

VNIR gain of 6.30 percentage points from the triple-branch architecture and gains of 0.23–4.09 

percentage points from gated fusion. Integrated Gradients identified recurrent regions within 400–500, 

900–1000, and 1100–1200 nm. GC–TOF–MS revealed distinct volatile profiles and provided functional-

group-level context for these regions. 

Conclusions HyGD-Net enables nondestructive authentication across physical forms without 

manually selected derivative preprocessing. By combining learnable spectral transformation with 

chemically corroborated attribution, it provides accurate and explainable discrimination of P. ternata from 

P. pedatisecta. These findings demonstrate its potential as a practical quality-control tool for Pinelliae 

Rhizoma authentication. 



 

 

 

Keywords: Hyperspectral imaging; Deep learning; Explainable artificial intelligence; Multi-form 

authentication; Chemical corroboration; Chinese medicinal materials; Pinellia ternata 

  



 

 

1. Introduction 

Plant-derived medicinal products are a core component of healthcare systems worldwide. Their 

widespread use has made authenticity increasingly important in post-harvest quality control. The global 

herbal medicine market grew to approximately USD 251.24 billion in 2025 [1]. During the same period, 

the WHO adopted the Traditional Medicine Strategy 2025–2034, reinforcing international attention to the 

safety and quality of herbal medicines [2]. In this context, reliable authentication of medicinal materials is 

not only a regulatory concern under frameworks such as the Nagoya Protocol on access and benefit-

sharing [3] but also a practical challenge for quality control systems. 

However, rising demand for herbal medicines has been accompanied by increased adulteration and 

misidentification. Reported adulteration rates in commercial products range from 27% to 41% [4, 5]. One 

representative example is Pinellia ternata (Thunb.) Breit, a herb widely used in East Asian traditional 

medicine, and its primary adulterant, Pinellia pedatisecta Schott [6]. The two species are morphologically 

similar; however, P. pedatisecta has a shorter cultivation period and a higher yield, making it 

substantially less expensive and a frequent adulterant. In the Chinese market, approximately 66% of 

Pinellia products have been reported to be adulterated [7], with P. pedatisecta alone accounting for 57% 

[8]. The risk extends beyond commercial fraud. P. pedatisecta contains higher levels of toxic lectin 

proteins and differs in its pharmacological indications and processing conditions[6, 9]. Such substitution 

may therefore reduce efficacy and cause adverse effects, underscoring the need for accurate species 

discrimination [8]. 

Conventional analytical methods have important limitations. Sensory evaluation is subjective and 

requires costly expert assessment [10]. Chromatographic techniques and DNA barcoding are accurate but 

time-consuming, expensive, and destructive because they require dedicated sample preparation [11, 12]. 

Rapid, nondestructive computer vision approaches have therefore been explored as alternatives. Sun and 

Qian [13] applied a convolutional neural network (CNN) and achieved 71% accuracy across 95 herbal 



 

 

medicine categories. For Ziziphus species, Jeon et al. [14] achieved more than 98% accuracy using 

DenseNet. 

However, RGB imaging captures only three visible bands and therefore relies primarily on surface-

level color and morphological features [15]. This limitation reduces its ability to discriminate between 

similar species such as P. ternata and P. pedatisecta. This challenge increases when classification must 

generalize across physical forms. Herbal medicines are marketed not only as tubers but also as slices and 

powders [6], and processing progressively diminishes the morphological cues on which RGB-based 

models rely. RGB imaging alone is therefore insufficient for safety-critical authentication. 

Hyperspectral imaging (HSI) addresses this limitation. By measuring reflectance across hundreds of 

narrow spectral bands, HSI captures a sample’s intrinsic spectral fingerprint [16]. In the visible and near-

infrared range (VNIR; 400–1000 nm), the signal reflects electronic transitions of chromophores and 

higher-order overtones. The short-wave infrared range (SWIR; 900–1700 nm) provides complementary 

information, where second-order overtones of O–H, N–H, and C–H bonds reflect compositional 

differences associated with moisture, lipids, and proteins [17, 18]. Combined with deep learning, HSI 

offers a promising nondestructive approach to automated authentication. HSI captures chemically 

discriminative information beyond the capabilities of RGB imaging and has demonstrated effectiveness in 

medicinal plant classification and origin discrimination [19, 20]. 

Current HSI–deep learning workflows have three recurring limitations that weaken their reliability. 

The first is dependence on preprocessing choices. Most models rely on a specific preprocessing method, 

and performance can vary considerably depending on that choice [21]. Because the transformation is 

fixed before training, it cannot be jointly optimized with the model. Identifying the optimal preprocessing 

combination also requires substantial time and domain expertise [22]. Some studies have sought to reduce 

this burden by feeding raw spectra directly into the model [23] or by automatically searching for 

Savitzky–Golay (SG) filter parameters [24]. Neither approach fully resolves this issue. The former does 



 

 

not exploit complementary information from multiple spectral representations, whereas the latter still 

treats preprocessing as a separate stage from model optimization. 

The second limitation is single-form validation. Most HSI–deep learning studies evaluate classification 

performance on only one physical form [19, 25], even though medicinal plant materials are distributed in 

multiple processed forms. To the best of our knowledge, no study has systematically evaluated physical 

form as an experimental factor while holding the target species pair constant and varying the form across 

in-form, mixed-form, and all-form conditions. Existing studies instead classify species within a single 

form, leaving robustness to form variation unmeasured. A unified model and multi-form evaluation 

protocol are therefore needed to assess practical robustness. 

The third and most consequential limitation concerns the interpretability of model decisions. For 

quality control, accurate classification alone is insufficient; a model should also provide a transparent and 

scientifically defensible basis for its decisions. Explainable artificial intelligence (XAI) can address this 

need by identifying the spectral regions that drive classification [26]. However, in agricultural 

spectroscopy, attribution analyses typically end with band identification, and the resulting wavebands are 

seldom evaluated against independent analytical evidence [27]. Without chemical cross-validation, model 

explanations provide limited assurance that predictions rely on genuine compositional differences rather 

than spurious correlations. Addressing this gap requires integrating XAI-based attribution with 

independent chemical profiling. 

To address these three limitations, this study develops HyGD-Net, a framework that integrates spectral 

preprocessing, classification, and chemically grounded interpretation for quality control. The study makes 

three contributions. (1) We internalize derivative preprocessing through learnable filters within an end-to-

end network, enabling joint optimization of spectral transformation and classification without manual 

preprocessing selection. (2) We construct a multi-form evaluation protocol that holds the target species 

pair constant while varying physical form across seven in-form, mixed-form, and all-form scenarios, 

allowing direct measurement of robustness to form variation. (3) We cross-validate the model’s 



 

 

explanations against independent chemical evidence. By comparing Integrated Gradients consensus 

wavebands with gas chromatography–time-of-flight mass spectrometry (GC-TOF-MS) profiles, we 

connect prediction, explanation, and chemical evidence within a unified workflow. 

  



 

 

2. Materials and methods 

This study followed a four-stage workflow (Fig. 1). First, samples were prepared in multiple physical 

forms, and hyperspectral data were acquired. Next, the HyGD-Net architecture and benchmark classifiers 

were implemented. Discriminative wavebands were then identified using Integrated Gradients (IG) 

attribution analysis. Finally, these wavebands were chemically cross-validated using gas 

chromatography–time-of-flight mass spectrometry (GC-TOF-MS). 

2.1. Sample preparation 

This study used dried tubers of P. ternata and P. pedatisecta obtained from the National Institute for 

Korean Medicine Development (NIKOM, Gyeongsan, Republic of Korea). A total of 320 P. ternata and 

348 P. pedatisecta tubers were collected. Sample authenticity was confirmed using two approaches. First, 

nine qualified experts appointed by the Ministry of Food and Drug Safety conducted sensory evaluations. 

Second, representative samples from each species were analyzed using GC-TOF-MS. 

Each tuber was subsequently processed into three physical forms: tuber (T), slice (S), and powder (P). 

Intact tubers were imaged before processing (320 P. ternata and 348 P. pedatisecta tubers). The tubers 

were then sliced transversely to a thickness of approximately 3.0 ± 0.5 mm (272 P. ternata and 288 P. 

pedatisecta samples), with small tubers excluded. The slices were subsequently ground into powder, 

yielding 300 g of powder from P. ternata and 360 g from P. pedatisecta. Because commercial powder 

products typically contain material pooled from multiple individual tubers, ground material from multiple 

samples was pooled to replicate this condition. All samples were stored in sealed containers under dry 

conditions at room temperature until analysis. 

2.2. Hyperspectral image acquisition and preprocessing 

2.2.1. Hyperspectral image acquisition 

Hyperspectral images were acquired using two push-broom cameras (NIREOS S.P.L., Milan, Italy), 

each covering a different wavelength range. Imaging was performed inside an imaging station shielded 



 

 

from external light by blackout curtains (Fig. 2A). The HERA VNIR camera covered the visible and near-

infrared range from 400 to 1000 nm, with 120 spectral bands and a spatial resolution of 1280 × 1024 

pixels. The HERA SWIR camera covered the short-wave infrared range from 900 to 1700 nm, with 140 

spectral bands and a spatial resolution of 640 × 512 pixels. The VNIR camera had spectral resolutions of 

<1.5 nm at 400 nm and <10 nm at 1000 nm, whereas the SWIR camera had spectral resolutions of <5 nm 

at 900 nm and <16 nm at 1700 nm. 

Illumination was provided by two halogen lamps and two light-emitting diode (LED) sources. Images 

were acquired at a camera-to-sample distance of 85 cm against a black background. Tuber and slice 

samples were arranged in a regular grid, with six samples per frame. For powder samples, 30-g portions 

were dispensed into Petri dishes, and two dishes were imaged per frame (Fig. 2B). All images were 

acquired and stored using HERA Acquisition software. 

2.2.2. Reflectance calibration and spectral extraction 

Because hyperspectral images are sensitive to sensor noise and illumination variability, the raw data 

were calibrated using Eq. (1): 

 R = (Iraw − Idark) / (Iwhite − Idark) (1) 

where R is the calibrated reflectance, Iraw is the raw signal, Idark is the dark reference acquired with the 

camera lens covered by a cap, and Iwhite is the white reference acquired from a Spectralon panel 

(Labsphere Inc., North Sutton, NH, USA) with approximately 99% reflectance. After calibration, pseudo-

RGB images were generated using selected wavelengths (VNIR, 450/550/650 nm; SWIR, 

1200/1600/1700 nm) for region-of-interest (ROI) extraction (Fig. 2B). 

For tuber and slice samples, automatic segmentation was performed using the Segment Anything 

Model (SAM), and background pixels were masked to zero [28]. Each ROI was divided into four 

quadrants. Pixel spectra within each quadrant were averaged to produce one spectral vector, yielding four 

spectra per sample. When an ROI was too small for quadrant-based extraction, a single spatially averaged 



 

 

spectrum was used instead. For powder samples, a 10 × 10-pixel region centered within each Petri dish 

was manually defined, yielding 100 pixel-level spectra. Finally, mean spectral profiles were computed for 

each species and physical form across the VNIR (400–1000 nm) and SWIR (900–1700 nm) ranges. 

2.3. Dataset construction and partitioning 

Hyperspectral datasets were constructed for the three physical forms (tuber, slice, and powder) of P. 

ternata and P. pedatisecta. Table 1 summarizes the resulting datasets. 

Table 1. Number of spectra per species, physical form, and imaging modality in the final dataset. 

Modality Species Tuber Slice Powder 

VNIR P. ternata 1280 1080 1000 

 P. pedatisecta 1308 1142 1200 

SWIR P. ternata 1280 1088 1000 

 P. pedatisecta 1308 1148 1200 

Note. VNIR = visible and near-infrared; SWIR = short-wave infrared. 

To reduce the risk of data leakage, all ROIs derived from a single image were assigned to the same 

partition, ensuring that spectra from the same acquisition were not split across the training, validation, and 

test sets. Each dataset was then partitioned into training, validation, and test sets in a ratio of 64:16:20. No 

data augmentation was applied. 

2.4. Experimental design 

Seven experimental scenarios were designed and grouped into three categories (Table 2). The first 

category comprised in-form experiments (Exp. 1–3), in which classification was performed within a 

single physical form: tuber, slice, or powder. The second category comprised mixed-form experiments 

(Exp. 4–6), in which two physical forms were combined (tuber + slice, tuber + powder, or slice + 

powder). The third category comprised the all-form experiment (Exp. 7), in which six-class classification 



 

 

was performed across all three physical forms simultaneously, simulating conditions in which diverse 

physical forms coexist. 

Table 2. Experimental scenarios designed to evaluate classification performance in in-form, mixed-form, 

and all-form settings. 

Category Experiment Tuber Slice Powder 
Number of 

classes 

In-form 

experiment 
Exp. 1 √   2 

 Exp. 2  √  2 

 Exp. 3   √ 2 

Mixed-form 

experiment 
Exp. 4 √ √  4 

 Exp. 5 √  √ 4 

 Exp. 6  √ √ 4 

All-form 

experiment 
Exp. 7 √ √ √ 6 

Note. Exp. = experiment; √ = physical form included in the scenario. 

2.5. Classification models 

The proposed HyGD-Net was evaluated against six benchmark classifiers comprising two 

conventional machine learning models, a support vector machine (SVM) and random forest (RF), and 

four deep learning models, a CNN, EfficientNetV2-S, ResNet, and Swin Transformer. For a fair 

comparison, all models received the same one-dimensional spectral inputs and used identical data 

partitions. Each model was trained to achieve its best validation performance. The deep learning models 



 

 

used validation-based early stopping with restoration of the best-performing weights, and tuning was 

conducted without preferential treatment of any architecture. The source code for the proposed model is 

publicly available at [anonymized repository]. 

2.5.1. Conventional machine learning models 

A support vector machine (SVM) [29] and random forest (RF) [30] were used as benchmark models. 

For the SVM, the regularization parameter was set to C = 10 and γ = “scale”, and the input spectra were 

standardized using StandardScaler. The RF model was configured with n_estimators = 200, max_depth = 

20, and max_features = “sqrt”, without input normalization. Both models received one-dimensional 

spectral vectors as input. The conventional machine learning models were implemented using scikit-learn 

in Python. 

2.5.2. Deep learning models 

Four deep learning architectures were evaluated: a CNN, EfficientNetV2-S, ResNet, and Swin 

Transformer. A custom one-dimensional CNN comprising three convolutional layers was used to extract 

spectral features [31]. EfficientNetV2-S was adapted for hyperspectral data by replacing two-dimensional 

convolutional operations with one-dimensional counterparts [32]. ResNet was implemented as a 

lightweight one-dimensional architecture inspired by ResNet-18 and comprised residual blocks with skip 

connections [33]. Swin Transformer was similarly adapted to one-dimensional inputs to model long-range 

spectral dependencies [34]. Because suitable pretrained weights were unavailable for the hyperspectral 

inputs used in this study, all models were trained from scratch with random initialization. 

2.6. Proposed HyGD-Net architecture 

HyGD-Net (Hyperspectral Gated Derivative Network) was designed to enable joint optimization of 

spectral preprocessing and classification within a single end-to-end framework. In conventional 

workflows, preprocessing operations such as derivative transformation and standard normal variate (SNV) 

transformation are fixed before model training and therefore cannot be optimized jointly with model 



 

 

parameters. To address this limitation, HyGD-Net internalizes derivative transformations as learnable 

neural network components rather than external preprocessing operations, allowing them to be adaptively 

optimized for the classification objective. The overall architecture comprises three core modules: (1) a 

learnable filter module, (2) a triple-branch parallel CNN, and (3) a position-wise gated fusion module 

(Fig. 3). Each module is described below. 

2.6.1. Learnable filter module 

The first module implements a Savitzky–Golay (SG) derivative filter [35] as a learnable convolutional 

layer, enabling adaptive optimization of spectral preprocessing. The SG filter fits a polynomial of order p 

to 2m+1 consecutive spectral points and computes the dth-order derivative at the center point. For an 

input spectrum x = [x1, x2, …, xN], the dth-order SG derivative at position i can be expressed as shown 

in Eq. (2): 

 x̂ᵢ⁽ᵈ⁾ = Σⱼ₌₋ₘᵐ cⱼ⁽ᵈ⁾ xᵢ₊ⱼ (2) 

where cj
(d) denotes the SG coefficient corresponding to derivative order d. 

Because this operation is mathematically equivalent to one-dimensional convolution with the SG 

coefficients as the convolution kernel, the filter can be reformulated as a Conv1D layer. In this study, a 

minimal three-point window was used (m = 1, such that 2m+1 = 3) with polynomial order p = 2. Under 

these settings, the SG coefficients reduce to the classical central-difference and second-difference 

operators, providing a theoretically grounded initialization. Kernel weights were initialized with these 

coefficients and subsequently optimized through backpropagation during training. 

Given an input spectrum x, this module simultaneously generates three complementary 

representations, as defined in Eq. (3): 

 x⁽⁰⁾ = x, x⁽¹⁾ = h₁ * x, x⁽²⁾ = h₂ * x (3) 

where ∗ denotes one-dimensional convolution. All outputs retain the same spectral length through 

“same” padding. The raw spectral branch passes the input spectrum directly, whereas the first- and 



 

 

second-order derivative branches apply learnable filters optimized through backpropagation to generate 

task-adaptive representations. 

The derivative filters comprise two bias-free Conv1D layers corresponding to the first- and second-

order derivatives, each with a kernel size of 3 (2m+1) and “same” padding. The weights are initialized 

using the SG coefficients in Eqs. (4) and (5) and are subsequently updated during training to optimize 

task-adaptive spectral representations: 

 x⁽¹⁾ = h₁ * x, h₁ = [−0.5, 0, 0.5] (4) 

 x⁽²⁾ = h₂ * x, h₂ = [1, −2, 1] (5) 

2.6.2. Triple-branch convolutional architecture 

To extract complementary features from the raw, first-order derivative, and second-order derivative 

spectra, three parallel convolutional branches were employed. The branches shared the same architecture 

but had independent parameters, enabling representation-specific feature learning. Each branch comprised 

three sequential convolutional blocks with increasing numbers of filters (32, 64, and 128). Each block 

consisted of a Conv1D layer with kernel size k = 5, followed by rectified linear unit (ReLU) activation, 

batch normalization, and max pooling with a pool size of 2, as shown in Eq. (6): 

 Fᵢ⁽ˡ⁾ = MaxPool[BN(ReLU(Conv1D(Fᵢ⁽ˡ⁻¹⁾)))] (6) 

Given an input spectrum with N spectral bands, the spectral dimension was progressively reduced 

according to Eq. (7): 

 N → ⌊N/2⌋ → ⌊N/4⌋ → ⌊N/8⌋ (7) 

where N = 120 for VNIR and N = 140 for SWIR. The final outputs of the three branches are denoted 

Fraw, Fd1, and Fd2, respectively. 

2.6.3. Position-wise gated fusion module 

HyGD-Net employs a position-wise gated fusion mechanism that adaptively modulates the 

contribution of each branch at each spectral position rather than simply concatenating the branch outputs 



 

 

[36]. This mechanism allows the model to selectively emphasize informative representations among the 

raw, first-order derivative, and second-order derivative features. 

The outputs of the three branches are projected to a common feature dimension D = 64 using a 

pointwise convolution (k = 1), as defined in Eq. (8): 

 fᵢ = Conv1Dₖ₌₁(Fᵢ), i ∈ {raw, d1, d2} (8) 

The projected features are concatenated along the channel dimension to form a global context 

representation, as shown in Eq. (9): 

 H = [fraw ∥ fd1 ∥ fd2] (9) 

where ∥ denotes channel-wise concatenation. Branch-specific gates are then generated from H 

according to Eq. (10): 

 gᵢ = σ(Conv1Dₖ₌₁⁽ⁱ⁾(H)), i ∈ {raw, d1, d2} (10) 

where σ denotes the sigmoid function. The fused representation is computed as the element-wise 

weighted sum of the branch features, as given in Eq. (11): 

 Ffused = Σᵢ∈{raw,d1,d2} gᵢ ⊙ fᵢ (11) 

where ⊙ denotes element-wise multiplication. Finally, the fused features are passed through a 

pointwise convolution (k = 1) with Gaussian error linear unit (GELU) activation, followed by layer 

normalization, as shown in Eq. (12): 

 Fout = LayerNorm[GELU(Conv1Dₖ₌₁(Ffused))] (12) 

2.6.4. Classification head 

Global average pooling (GAP) was applied to the output of the gated fusion module to obtain a fixed-

length feature vector. This operation was followed by a fully connected layer with 256 hidden units and 

GELU activation, a dropout layer (p = 0.5), and a softmax output layer that produced a probability 

distribution over C classes. The value of C was set to 2, 4, or 6 depending on the experimental scenario. 



 

 

2.7. Ablation study design 

To quantify the contribution of each HyGD-Net component, four architectural configurations were 

evaluated, comprising the full model and three reduced variants (Table 3). 

Table 3. Ablation study configurations used to evaluate the contribution of each HyGD-Net module, 

including the Savitzky–Golay (SG) filter. 

Variant Learnable SG filter triple branch Gated fusion Description 

Full √ √ √ 
Complete HyGD-

Net 

Fixed-SG Frozen √ √ 
SG weights fixed at 

Eqs. (4) and (5) 

No-Gate √ √ Concatenation 

Gated fusion 

replaced by channel 

concatenation 

Single-Branch √ Single branch None 
Single-branch 

architecture only 

Note. SG = Savitzky–Golay; √ = component included. 

In the Fixed-SG variant, the SG filter weights were frozen during training, enabling assessment of the 

contribution of learnable preprocessing. In the No-Gate variant, features from all branches were 

concatenated without adaptive weighting, enabling evaluation of the gated fusion mechanism. In the 

Single-Branch variant, all spectral representations were processed by a single network, removing both 

branch separation and gated fusion. 



 

 

2.8. Training configuration 

All experiments were conducted on a workstation equipped with an NVIDIA RTX A5000 GPU with 

24 GB of video random-access memory (VRAM). Deep learning models were implemented in 

TensorFlow 2.20.0 with Python 3.10, whereas the conventional machine learning models, SVM and RF, 

were implemented using scikit-learn. Image processing and ROI extraction used OpenCV, rembg (U²-

Net), and the Segment Anything Model (SAM), whereas reflectance calibration and spectral extraction 

used NumPy and SciPy. For each deep learning model, training was terminated when validation loss 

ceased to improve according to the specified early-stopping criterion, and the weights from the best 

validation epoch were restored. All models were trained with a single fixed random seed, and the 

hyperparameters used to train HyGD-Net are listed in Table 4. 

Table 4. Hyperparameter settings used for HyGD-Net training.  

Parameter Value 

Optimizer Adam (β1 = 0.9, β2 = 0.999) 

Initial learning rate 3 × 10-4 

Learning-rate scheduler 
ReduceLROnPlateau (patience = 10, factor = 0.5, 

min_lr = 1 × 10-6 

Batch size 32 

Maximum epochs 200 

Early stopping Patience = 20, monitor = val_loss 

Loss function Cross-entropy 

Dropout rate 0.5 

Random seed 42 

Note. min_lr = minimum learning rate; val_loss = validation loss.  



 

 

2.9. Performance evaluation metrics 

Classification performance was evaluated using accuracy (ACC), sensitivity (SEN), and specificity 

(SPE). Because ACC was computed on the native multiclass task in each experimental scenario, it was 

defined as the proportion of correctly classified samples, as defined in Eq. (13): 

 ACC = Ncorrect / Ntotal (13) 

where Ncorrect and Ntotal denote the numbers of correctly classified and total samples, respectively. SEN 

and SPE were computed after collapsing predictions into a binary species-level decision and were defined 

in Eqs. (14) and (15) as follows: 

 SEN = TP / (TP + FN) (14) 

 SPE = TN / (TN + FP) (15) 

where TP, TN, FP, and FN denote true positive, true negative, false positive, and false negative 

predictions, respectively, with P. ternata treated as the positive class. 

The metrics were therefore computed at two different levels. ACC was measured on the native 2-, 4-, 

or 6-class task for each scenario and thus reflected multiclass classification performance. By contrast, 

SEN and SPE were computed after collapsing predictions into a binary species-level decision (P. ternata 

versus P. pedatisecta) and therefore reflected species discrimination alone. 

This distinction is important when interpreting the results. For example, an intraspecies cross-form 

error, such as classifying a P. ternata tuber as a P. ternata slice, reduces ACC because the predicted class 

differs from the true class. However, because the predicted and true labels correspond to the same species, 

the error does not affect SEN or SPE. Consequently, a model that discriminates species accurately but 

confuses physical forms may exhibit high SEN and SPE despite comparatively lower ACC. 

2.10. Model interpretation using explainable artificial intelligence 

Integrated Gradients (IG) was used to quantify waveband-level importance in the deep learning 

models (Sundararajan et al., 2017). IG attributes a prediction to individual input features by integrating 



 

 

model-output gradients along a straight-line path from a baseline input x′ to the observed input x, as 

defined in Eq. (16): 

 IGᵢ(x) = (xᵢ − x′ᵢ) ∫₀¹ [∂F(x′ + α(x − x′)) / ∂xᵢ] dα (16) 

where x is the input spectrum, x′ is the baseline spectrum, and F(x) is the model output for the target 

class. A zero-valued spectrum was used as the baseline. The integral was approximated using 200 

interpolation steps and trapezoidal integration. IG attributions were computed for five deep learning 

models across seven experimental scenarios and two spectral regions, yielding 70 conditions in total. For 

each condition, absolute attribution values were averaged across test samples to obtain a waveband-level 

importance profile. The corresponding 95% confidence intervals were estimated using 1,000 bootstrap 

iterations. 

A two-stage consensus procedure was then applied to identify robust discriminative wavelengths. Both 

stages used the same greedy neighbor-merging rule with a ±10-nm tolerance but differed in their inputs. 

Stage 1 operated within each experiment. The top 10 wavelengths from all models were merged, and a 

cluster was retained only when at least two models contributed to it, yielding model-level consensus. 

Stage 2 operated across experiments. Cluster centers retained after Stage 1 were merged again, and a 

cluster was retained only when it occurred in at least three experiments, yielding global consensus 

wavelengths. Separately, the selection frequency of a wavelength was defined as the number of the seven 

experiments in which that wavelength ranked among the top 10 IG bands. 

2.11. GC-TOF-MS chemical analysis 

Gas chromatography–time-of-flight mass spectrometry (GC-TOF-MS) was performed using a Pegasus 

GC HRT system (LECO Corp., USA) to provide independent chemical evidence for the XAI-derived 

consensus wavebands. Dried samples (200 mg) were mixed with 2 mL of 30% NaCl solution, and 2 μL of 

0.2 mg/mL 3-pentanol was added as an internal standard. Volatile organic compounds (VOCs) were 

extracted by headspace solid-phase microextraction (HS-SPME) using a 50/30-μm DVB/CAR/PDMS 



 

 

fiber (Supelco, USA) at 70 °C for 20 min with agitation at 500 rpm, followed by thermal desorption in the 

GC injector for 3 min. 

Separation was performed on an Rtx-5MS column (30 m × 0.25 mm × 0.25 μm; Restek, USA) in split 

injection mode (40:1), with helium as the carrier gas at a flow rate of 1.0 mL/min. The oven temperature 

was increased stepwise from 45 °C to 220 °C and then held at 220 °C for 3 min. The ion source was 

maintained at 250 °C with electron ionization at 70 eV and mass spectra were acquired in scan mode over 

m/z 35–450. VOCs were identified by comparison with the NIST mass spectral library, with 3-pentanol 

serving as the internal standard. Detection was evaluated qualitatively based on the presence or absence of 

each compound in the two species rather than quantitative peak-area comparisons. 

  



 

 

3. Results 

3.1. Spectral characteristics across physical forms 

The two species showed greater spectral separation in the SWIR range than in the VNIR range. Their 

mean reflectance spectra across the three physical forms are compared in Fig. 4. 

In the VNIR region (Fig. 4A–C), the two species exhibited similar spectral patterns. Reflectance was 

low below 500 nm, increased gradually between 500 and 700 nm, and stabilized above 750 nm. The 

spectral profiles largely overlapped, with limited interspecies differences observed primarily within the 

500–700 nm range. Intersample variability was greater for tuber and slice samples than for powder 

samples. 

By contrast, the SWIR region (Fig. 4D–F) exhibited more complex spectral profiles with multiple 

absorption features. Spectral differences between the two species were more pronounced than those in the 

VNIR region, particularly within the 900–1300 nm and 1400–1600 nm intervals. 

3.2. Classification performance of HyGD-Net across VNIR and SWIR spectral regions 

The proposed model and six benchmark models were evaluated using raw spectra across seven 

experimental scenarios and two spectral regions, VNIR (400–1000 nm) and SWIR (900–1700 nm), 

covering in-form (Exp. 1–3), mixed-form (Exp. 4–6), and all-form (Exp. 7) settings. HyGD-Net achieved 

the highest or joint-highest accuracy in every scenario, with accuracy (ACC) ranging from 91.55% to 

100.00% (Fig. 5). Its advantages over the benchmark models were particularly pronounced in several 

mixed-form settings, where variation in physical form increased classification complexity. Complete 

scenario-specific results for both spectral regions are presented in Tables 5 and 6. 

Table 5. Scenario specific classification performance (accuracy, sensitivity, and specificity, %) of HyGD-

Net and six benchmark models using raw visible and near-infrared (VNIR; 400–1000 nm) spectra across 

Experiments 1–7. 



 

 

Model Metric Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Exp. 6 Exp. 7 

HyGD-Net Acc 91.64 93.71 100.00 91.55 95.09 96.50 92.76 

 Sens 90.78 95.20 100.00 90.78 97.70 95.10 94.40 

 Spec 92.58 92.13 100.00 92.37 92.11 98.08 90.92 

CNN Acc 87.92 88.99 98.41 86.56 91.10 93.22 92.12 

 Sens 88.65 90.39 97.50 85.10 89.66 92.75 92.55 

 Spec 87.11 87.50 99.50 88.14 92.76 93.75 98.41 

ResNet Acc 86.25 92.36 99.09 85.13 89.57 95.03 90.51 

 Sens 86.23 92.35 99.17 84.90 95.79 94.24 92.00 

 Spec 86.23 92.35 99.17 85.38 82.46 95.91 88.84 

EfficientNetV2-

S 
Acc 58.36 78.65 98.41 85.34 83.84 89.38 89.87 

 Sens 20.92 84.28 97.50 84.51 72.99 88.06 89.96 

 Spec 99.61 72.69 99.50 86.23 96.27 90.87 97.96 

Swin 

Transformer 
Acc 78.44 77.53 96.59 80.75 75.05 84.97 86.78 

 Sens 78.60 77.43 96.79 81.13 77.96 84.86 87.20 

 Spec 78.60 77.43 96.79 93.56 91.56 94.97 97.34 

SVM Acc 82.53 80.00 99.32 77.70 82.92 85.54 78.20 

 Sens 82.63 79.88 99.29 78.82 89.27 82.52 76.13 

 Spec 82.63 79.88 99.29 76.48 75.66 88.94 80.51 



 

 

Model Metric Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Exp. 6 Exp. 7 

RF Acc 86.06 75.73 98.18 81.67 90.59 84.63 84.74 

 Sens 86.05 75.67 98.17 83.73 92.53 81.88 85.60 

 Spec 86.05 75.67 98.17 79.45 88.38 87.74 83.78 

Note. Acc = accuracy; Sens = sensitivity; Spec = specificity; Exp. = experiment. 

Table 6. Scenario specific classification performance (accuracy, sensitivity, and specificity, %) of HyGD-

Net and six benchmark models using raw short-wave infrared (SWIR; 900–1700 nm) spectra across 

Experiments 1–7. 

Model Metric Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Exp. 6 Exp. 7 

HyGD-Net Acc 100.00 100.00 100.00 100.00 100.00 100.00 100.00 

 Sens 100.00 100.00 100.00 100.00 100.00 100.00 100.00 

 Spec 100.00 100.00 100.00 100.00 100.00 100.00 100.00 

CNN Acc 99.81 99.78 100.00 100.00 99.90 99.55 100.00 

 Sens 100.00 100.00 100.00 100.00 100.00 100.00 100.00 

 Spec 99.61 99.54 100.00 100.00 99.78 99.04 100.00 

ResNet Acc 100.00 100.00 100.00 100.00 100.00 100.00 100.00 

 Sens 100.00 100.00 100.00 100.00 100.00 100.00 100.00 

 Spec 100.00 100.00 100.00 100.00 100.00 100.00 100.00 

EfficientNetV2-

S 
Acc 99.81 100.00 99.32 100.00 100.00 100.00 100.00 

 Sens 100.00 100.00 100.00 100.00 100.00 100.00 100.00 



 

 

Model Metric Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Exp. 6 Exp. 7 

 Spec 99.61 100.00 98.50 100.00 100.00 100.00 100.00 

Swin 

Transformer 
Acc 98.88 99.55 100.00 100.00 100.00 99.77 100.00 

 Sens 98.86 99.57 100.00 100.00 100.00 99.77 100.00 

 Spec 98.86 99.57 100.00 100.00 100.00 99.92 100.00 

SVM Acc 99.44 99.78 100.00 99.90 99.69 99.89 99.58 

 Sens 99.41 99.77 100.00 100.00 100.00 100.00 99.73 

 Spec 99.41 99.77 100.00 99.79 99.34 99.76 99.41 

RF Acc 93.87 97.10 100.00 93.91 97.44 98.87 95.30 

 Sens 93.70 97.07 100.00 95.30 97.51 99.36 97.60 

 Spec 93.70 97.07 100.00 92.41 97.37 98.33 92.73 

Note. Acc = accuracy; Sens = sensitivity; Spec = specificity; Exp. = experiment. 

3.2.1. Performance comparison in the VNIR region 

Across all seven experimental scenarios using VNIR (400–1000 nm) spectra, HyGD-Net consistently 

achieved the highest accuracy (Fig. 5). 

In the in-form scenarios (Exp. 1–3), HyGD-Net achieved accuracies of 91.64%, 93.71%, and 

100.00%, respectively. Its advantage over the second-best-performing model was largest in Exp. 1, where 

it exceeded CNN by 3.72 percentage points (pp). By contrast, EfficientNetV2-S achieved only 58.36% 

accuracy in the same experiment. Its confusion matrix showed that 223 of 282 P. ternata samples were 

misclassified as P. pedatisecta, indicating a pronounced bias toward the P. pedatisecta class. 

Across the mixed-form scenarios (Exp. 4–6), HyGD-Net maintained accuracies within a relatively 

narrow range of 91.55–96.50%. ResNet showed greater variation, achieving 92.36% accuracy in Exp. 2 



 

 

but dropping to 85.13% in Exp. 4. In the all-form scenario (Exp. 7), HyGD-Net achieved 92.76% 

accuracy, 94.40% sensitivity, and 90.92% specificity. The conventional machine learning models 

performed less favorably, with SVM and RF achieving accuracies of 78.20% and 84.74%, respectively. 

The other deep learning benchmark models achieved accuracies ranging from 86.78% to 92.12%. 

3.2.2. Performance comparison in the SWIR region 

Overall classification performance was higher in the SWIR region (900–1700 nm) than in the VNIR 

region (Table 6). HyGD-Net and ResNet achieved 100.00% accuracy, sensitivity, and specificity across 

all seven scenarios. The remaining deep learning models also achieved near-saturated performance. 

EfficientNetV2-S and CNN maintained accuracies above 99% in every scenario, whereas Swin 

Transformer achieved 100.00% accuracy in four scenarios and a minimum accuracy of 98.88% in Exp. 1. 

SVM likewise maintained accuracies at or above 99.44% across all scenarios. 

RF exhibited the greatest variability among the models. Under mixed-form conditions, its accuracy 

ranged from 93.91% to 98.87%, whereas its overall minimum was 93.87% in Exp. 1. This value was 6.13 

pp below the 100.00% accuracy achieved by HyGD-Net and ResNet in the same experiment. 

3.2.3. Accuracy variability across scenarios 

Accuracy variability across the seven scenarios is summarized in the box plots in Fig. 5B and 5D, 

illustrating the sensitivity of each model to changes in physical-form composition. 

In the VNIR range (Fig. 5B), HyGD-Net exhibited the lowest variability, with a mean accuracy of 

94.46% and a standard deviation of 2.81 pp. CNN ranked second in stability, with a mean accuracy of 

91.19% and a standard deviation of 3.67 pp, followed by ResNet with a standard deviation of 4.52 pp. 

The remaining models exhibited standard deviations exceeding 6 pp. EfficientNetV2-S showed the 

greatest variability, with accuracy ranging from 58.36% to 98.41%, a mean of 83.41%, and a standard 

deviation of 11.69 pp. 



 

 

In the SWIR range (Fig. 5D), variability decreased markedly across models. HyGD-Net and ResNet 

showed no variability, maintaining 100.00% accuracy in every scenario. EfficientNetV2-S, CNN, and 

Swin Transformer each achieved mean accuracies above 99.7%, with standard deviations below 0.4 pp. 

SVM showed similarly low variability, with a mean accuracy of 99.75% and a standard deviation of 0.18 

pp. RF was the exception, with accuracy ranging from 93.87% to 100.00%, a mean of 96.64%, and the 

largest standard deviation among the SWIR models, 2.21 pp. 

3.3. Component-wise ablation study of HyGD-Net 

The HyGD-Net ablation results are presented in Fig. 6. Following the design described in Section 2.7, 

three reduced variants, Fixed-SG, No-Gate, and Single-Branch, were compared with the full model. In the 

upper panel, circle size and accompanying percentage labels indicate the reduction in accuracy associated 

with removing or modifying the corresponding component. The lower bar plot shows the cumulative 

increase in accuracy from the baseline architecture to the full HyGD-Net as components are added 

sequentially. 

3.3.1. Contribution of the learnable SG filter 

The contribution of the learnable filter was assessed by comparing HyGD-Net with a variant using 

fixed SG coefficients across the seven scenarios. In the VNIR region, the Fixed-SG variant showed lower 

accuracy in five of the seven experiments (Fig. 6), with reductions ranging from 0.41 to 3.16 pp. The 

largest decrease occurred in Exp. 1 (3.16 pp), followed by Exp. 7 (1.76 pp), whereas smaller decreases 

were observed in Exp. 4–6. The two models achieved identical accuracies in Exp. 2 and Exp. 3. In the 

SWIR region, the two configurations performed identically, each achieving 100.00% accuracy across all 

scenarios. 

3.3.2. Contribution of the triple-branch architecture 

Classification performance was compared between the triple-branch CNN used in HyGD-Net and a 

single-branch variant across the seven scenarios. 



 

 

In the VNIR region, the single-branch model achieved lower accuracy in every scenario, with a mean 

decrease of 6.30 pp. Differences ranged from 1.36 to 10.34 pp and were largest in Exp. 2 (Δ = 10.34 pp), 

Exp. 4 (Δ = 9.68 pp), Exp. 6 (Δ = 8.25 pp), and Exp. 7 (Δ = 7.60 pp). Smaller differences were observed 

in Exp. 1 (2.98 pp), Exp. 5 (3.99 pp), and Exp. 3 (1.36 pp); in Exp. 3, both models achieved accuracies 

above 98%. In the SWIR region, the two architectures produced nearly identical results. A difference of 

only 0.10 pp was observed in Exp. 5, whereas identical accuracies were obtained in the other six 

scenarios. 

3.3.3. Contribution of gated fusion 

Classification performance was compared between the full HyGD-Net model with gated fusion and a 

No-Gate variant using simple concatenation across the seven scenarios. 

Across the VNIR experiments, the No-Gate variant consistently achieved lower accuracy, with 

reductions ranging from 0.23 to 4.09 pp. The largest decrease occurred in Exp. 1 (4.09 pp), followed by 

Exp. 5 (2.66 pp), Exp. 4 (1.43 pp), and Exp. 2 (1.35 pp). Smaller differences of 0.23–0.62 pp were 

observed in Exp. 3, Exp. 6, and Exp. 7, where overall accuracy was already high. In the SWIR region, 

both configurations achieved 100.00% accuracy in every experiment. 

3.3.4. Learnable SG filter weight analysis 

To determine whether the learnable SG filter adapted its coefficients during training, deviations of the 

learned weights from their initial Savitzky–Golay coefficients were analyzed (Table 7). D1 and D2 denote 

the first- and second-derivative branches, respectively. 

Within the VNIR range, deviations remained consistently small across all experiments. The maximum 

absolute deviation (|Δ|) ranged from 0.0011 to 0.0019 for D1 and from 0.0006 to 0.0019 for D2, 

corresponding to less than 0.40% and 0.10%, respectively, relative to the maximum absolute magnitudes 

of the initial coefficients. 



 

 

Slightly larger deviations were observed in the SWIR range. The maximum |Δ| ranged from 0.0005 to 

0.0030 for D1 and from 0.0012 to 0.0049 for D2, corresponding to maximum relative changes of 0.60% 

and 0.25%, respectively. The largest D2 deviation occurred in Exp. 6, followed by Exp. 7 and Exp. 4. 

Table 7. Maximum absolute deviations of learned filter coefficients from their initial Savitzky–Golay 

(SG) values for the D1 (first-derivative) and D2 (second-derivative) branches. 

Region Filter Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Exp. 6 Exp. 7 

VNIR D1 0.0013 0.0012 0.0017 0.0011 0.0012 0.0017 0.0019 

 D2 0.0015 0.0010 0.0006 0.0019 0.0010 0.0011 0.0017 

SWIR D1 0.0012 0.0030 0.0012 0.0005 0.0010 0.0008 0.0022 

 D2 0.0029 0.0020 0.0014 0.0036 0.0012 0.0049 0.0042 

Note. D1 = first-derivative branch; D2 = second-derivative branch; SG = Savitzky–Golay; Exp. = 

experiment. 

3.3.5. Gated fusion weight analysis 

The learned gate values of the gated fusion module were analyzed across wavelength positions for all 

seven experimental scenarios (Fig. 7). Values for the three branches, raw, first-order derivative, and 

second-order derivative, clustered near the sigmoid midpoint of 0.5, and none approached saturation near 

0 or 1. 

In the VNIR range, the mean gate values (mean ± standard deviation across wavelength position) were 

0.4955 ± 0.0019 for the raw branch, 0.5010 ± 0.0014 for the first-order derivative branch, and 0.4984 ± 

0.0018 for the second-order derivative branch. The first-order derivative branch had the highest gate value 

at 63.8% of wavelength positions. Interbranch differences were most pronounced within the 400–500 nm 

region and diminished above 500 nm as the gate values converged toward 0.5. 



 

 

In the SWIR range, the mean gate values were 0.4925 ± 0.0050 for the raw branch, 0.5011 ± 0.0036 

for the first-order derivative branch, and 0.4926 ± 0.0055 for the second-order derivative branch. The 

first-order derivative branch had the highest gate value at 79.8% of wavelength positions, whereas the raw 

branch exhibited greater variability. Interbranch differences were most pronounced within the 900–1200 

nm range and diminished at longer wavelengths. 

3.4. XAI-based wavelength importance analysis 

Integrated Gradients (IG) attribution analysis was performed for five deep learning models across 

seven scenarios and two spectral regions, yielding 70 conditions in total (Fig. 8). Consensus wavelengths 

were subsequently identified from attribution patterns that recurred across models and experiments 

according to the procedure described in Section 2.10. 

In the VNIR region, the 400–500 nm and 900–1000 nm intervals showed strong intermodel agreement 

across experiments. The 400–500 nm interval was more consistently represented, being selected by most 

models in nearly all experiments. Application of the ±10-nm tolerance criterion yielded eight global 

consensus wavelengths, with the most representative described below. A consensus wavelength at 

approximately 444 nm, associated with a merged cluster spanning 440–453 nm, recurred in five 

experiments, while a neighboring wavelength at approximately 461 nm showed similarly consistent 

recurrence. Within the 900–1000 nm interval, a consensus wavelength at approximately 997 nm also 

recurred in five experiments, with additional consensus wavelengths at approximately 981, 962, and 937 

nm. 

In the SWIR region, recurrent agreement was observed within the 900–1000 nm and 1100–1200 nm 

intervals across experiments. Within the 1100–1200 nm interval, approximately 1157 nm, associated with 

a cluster spanning 1150–1159 nm, was the most reproducible consensus wavelength and recurred in five 

experiments. Additional consensus wavelengths at approximately 1120 and 1171 nm formed a closely 

spaced group within the same broader region. Within the 900–1000 nm interval, approximately 991 nm 



 

 

was the most representative consensus wavelength, while additional wavelengths at approximately 931, 

1017, and 1088 nm extended across the broader 900–1100 nm range. Because the 900–1000 nm interval 

lies within the overlap between the VNIR and SWIR sensor ranges, consensus wavelengths were 

identified in this region in both analyses. 

3.5. GC-TOF-MS analysis for chemical validation 

GC-TOF-MS analysis was performed on P. ternata and P. pedatisecta to provide independent 

chemical evidence for the key attribution wavebands identified by IG analysis. Eleven volatile compounds 

exhibited distinct detection patterns between the two species. Nine compounds were identified by NIST 

library matching, whereas two remained unidentified and were reported by retention index (RI) (Table 8). 

The detection patterns comprised three groups. 

Hexanal, heptanal, and benzaldehyde were detected in both species. Three compounds were detected 

only in P. ternata: 2-heptanone, phenylacetaldehyde, and one unidentified compound. Five compounds 

were detected only in P. pedatisecta: hexanoic acid, (E,E)-2,4-heptadienal, (E)-2-octenal, nonanal, and 

one unidentified compound. Thus, more species-specific compounds were detected in P. pedatisecta than 

in P. ternata. Aldehydes predominated among the identified compounds, accounting for seven 

compounds, whereas one ketone (2-heptanone) and one carboxylic acid (hexanoic acid) were also 

identified. The analysis was qualitative, and peak areas were not compared quantitatively. These species-

specific volatile profiles were subsequently compared with the IG consensus wavelengths and near-

infrared overtone absorption regions associated with the corresponding functional groups (Fig. 9). 

Table 8. Volatile compounds identified in P. ternata and P. pedatisecta by gas chromatography–time-of-

flight mass spectrometry (GC-TOF-MS) analysis. 

No. Compound Rt (s) RI Similarity P. ternata P. pedatisecta 

1 Hexanal 253.9 801.99 930 + + 



 

 

No. Compound Rt (s) RI Similarity P. ternata P. pedatisecta 

2 2-Heptanone 378.0 893.65 901 + − 

3 Heptanal 393.7 903.65 916 + + 

4 Benzaldehyde 505.2 960.95 932 + + 

5 Hexanoic acid 541.0 979.34 737 − + 

6 
(E,E)-2,4-

Heptadienal 
610.9 1012.40 856 − + 

7 Unknown 617.8 1015.30 — + − 

8 Phenylacetaldehyde 688.6 1045.00 932 + − 

9 (E)-2-Octenal 721.3 1058.70 914 − + 

10 Unknown 809.1 1095.50 — − + 

11 Nonanal 835.3 1106.00 909 − + 

Note. Rt = retention time; RI = retention index; + = detected; − = not detected; — = no similarity value 

provided. 

  



 

 

4. Discussion 

This study addressed three limitations that have constrained the application of hyperspectral imaging 

to herbal authentication: dependence on manually selected preprocessing, validation restricted to a single 

physical form, and a lack of independent chemical evidence supporting the wavebands that influence 

model decisions. Addressing these limitations within a unified workflow provides a more robust and 

verifiable framework for authentication. 

4.1. Preprocessing-free and form-robust classification with HyGD-Net 

Without external derivative preprocessing, HyGD-Net classified raw spectral inputs with accuracies of 

91.55–100.00% in the VNIR range and 100.00% across all SWIR scenarios, achieving the highest or 

joint-highest performance under identical evaluation conditions. Conventional HSI pipelines often depend 

on predefined preprocessing methods, such as Savitzky–Golay derivatives, standard normal variate (SNV) 

transformation, and multiplicative scatter correction (MSC), each of which requires selection and tuning 

before model training. HyGD-Net instead embeds learnable derivative filters within the model, enabling 

joint optimization of spectral transformation and classification while exploiting complementary spectral 

representations. 

Beyond reducing dependence on externally selected derivative preprocessing, HyGD-Net maintained 

high and stable performance across experimental scenarios. In the VNIR range, it achieved a mean 

accuracy of 94.46% with a standard deviation of 2.81 percentage points (pp), the lowest variability among 

all evaluated models. The benchmark models exhibited standard deviations ranging from 3.67 to 11.69 

pp. ResNet, for example, varied by 13.96 pp between its highest and lowest accuracies, from 99.09% in 

Exp. 3 to 85.13% in Exp. 4. 

This stability was observed not only in in-form settings but also under mixed-form and all-form 

conditions, which more closely represent distribution environments in which multiple processed forms 

coexist. Surface morphology, particle size, and light-scattering behavior vary substantially among tuber, 



 

 

slice, and powder forms, whereas species-related compositional signatures are expected to be more 

conserved than external morphology. By internalizing derivative transformations, HyGD-Net integrates 

the raw spectrum with task-adaptive first- and second-order derivative representations. This multi-

representation strategy may reduce sensitivity to form-dependent spectral variation while preserving 

features relevant to interspecies discrimination. 

The perfect SWIR accuracy warrants careful consideration because near-ceiling performance can raise 

concerns about data leakage or overly favorable partitioning. Two observations make a simple model-

specific explanation less compelling, although neither excludes leakage. First, near-saturated SWIR 

performance was observed across multiple architectures rather than in HyGD-Net alone. ResNet and 

HyGD-Net achieved 100.00% accuracy in all seven scenarios, while CNN, EfficientNetV2-S, Swin 

Transformer, and SVM remained at or above 98.88%. Second, the same partitioning strategy yielded 

substantially more dispersed VNIR performance, with accuracies ranging from 58.36% to 100.00%. 

These contrasting patterns are consistent with stronger intrinsic class separability in the SWIR region. In 

addition, the discriminative SWIR wavelengths overlap with C–H overtone regions relevant to the 

species-specific compounds discussed in Section 4.4. Nevertheless, the SWIR results should be 

interpreted cautiously because high performance across multiple models does not by itself rule out 

residual sample dependence or split-related optimism. 

4.2. Contribution of individual module: Evidence from ablation and weight analysis 

4.2.1. Adaptive optimization of the learnable filter 

During training, the learnable filter weights deviated only slightly from their initial SG coefficients, 

with relative changes ranging from 0.03% to 0.60%. This limited deviation is consistent with the module's 

design objective of adapting to task-specific data while remaining close to the mathematically grounded 

SG initialization widely used in spectroscopy. The learned filters therefore retained the local derivative 

structure imposed at initialization while adapting to discrimination between P. ternata and P. pedatisecta. 



 

 

The ablation study supported the value of this adaptation: learnable filters outperformed fixed SG filters 

in five of the seven VNIR experiments. 

This design differs from previous approaches in two respects. Models that feed raw spectra directly 

into a network without explicit derivative modules do not incorporate established spectroscopic priors 

such as SG derivatives [23], whereas methods that tune SG parameters retain preprocessing as a separate 

stage and therefore limit joint optimization [24]. The learnable SG filter in HyGD-Net preserves the 

spectroscopic prior through informed initialization while jointly optimizing spectral transformation and 

classification within a single end-to-end framework. 

4.2.2. Triple-branch CNN as the core module 

Replacing the triple-branch architecture with a single-branch variant produced the largest mean 

performance reduction among the evaluated architectural modifications in the VNIR region, 6.30 pp, 

indicating the central contribution of this module to HyGD-Net. The learnable SG filters provide three 

complementary representations, namely the raw spectrum and first- and second-order derivative spectra, 

but performance also depends on effective extraction of discriminative features from each representation. 

In the Single-Branch variant, the spectral representations are processed through a shared network, 

limiting representation-specific feature learning. Because the raw and derivative representations have 

distinct statistical characteristics, shared processing may reduce the model’s ability to extract features 

tailored to each representation. By contrast, the triple-branch architecture assigns an independent CNN 

branch to each representation, enabling representation-specific feature extraction while preserving 

complementary information across branches. 

The effect was pronounced in both in-form and mixed-form settings, with the largest accuracy 

reductions observed in Exp. 2 (Δ = 10.34 pp) and Exp. 4 (Δ = 9.68 pp). Mixed-form scenarios introduce 

greater spectral heterogeneity across physical forms, which may increase the value of independently 

extracting features from complementary spectral representations. 



 

 

4.2.3. Position-wise gated fusion as an adaptive weighting mechanism 

Across all seven VNIR experiments, gated fusion improved accuracy relative to simple concatenation 

by 0.23–4.09 pp, demonstrating a consistent contribution across scenarios. The learned gate values 

remained near the sigmoid midpoint of 0.5, while the most pronounced interbranch differences occurred 

within the 400–500 nm region in VNIR and the 900–1200 nm region in SWIR. These regions overlap 

with wavelength intervals highlighted by the IG analysis, suggesting that representation-specific 

modulation may be strongest in spectrally informative regions. 

This position-dependent modulation is consistent with the complementary roles of the three 

representations. The raw spectrum preserves overall spectral structure, whereas derivative representations 

emphasize local spectral changes and can attenuate slowly varying baseline components. In discriminative 

regions, relative differences among gate values increase the contribution of particular representations; 

elsewhere, the gate values remain closer together. Because the gates are sigmoid outputs rather than 

normalized mixture weights, however, values near 0.5 should not be interpreted as equal branch 

contributions. Even within this bounded range, the small position-dependent shifts were sufficient to yield 

consistent accuracy gains over concatenation, indicating that the mechanism refines rather than replaces 

the contribution of each branch. 

4.3. Classification across physical forms 

4.3.1. Performance degradation across physical forms 

The results support the concern raised in the Introduction that evaluation on a single physical form 

may not adequately characterize performance under more heterogeneous form compositions. Several 

benchmark models showed substantial cross-scenario variation, and ResNet differed by 13.96 pp between 

its best and worst VNIR scenarios. 

Differences in classification difficulty were also evident across physical forms. The relatively high 

performance observed for powder samples in Exp. 3 may reflect reduced morphological heterogeneity 



 

 

after pulverization, including less variation in surface structure, sample size, and localized light scattering. 

Under this interpretation, lower spectral heterogeneity may make species-related compositional 

differences more readily detectable. By contrast, the tuber condition in Exp. 1 was comparatively 

challenging for several models, potentially because intact samples exhibit greater surface inhomogeneity, 

size variation, and measurement-position-dependent light scattering. These form-dependent differences 

indicate that evaluation using a single physical form alone may not fully characterize model performance 

under conditions in which multiple processed forms are encountered. 

4.3.2. Cross-form robustness of HyGD-Net 

A direct comparison between the slice-only in-form scenario (Exp. 2) and the tuber-plus-slice mixed-

form scenario (Exp. 4) illustrates differences in cross-scenario stability. ResNet accuracy decreased by 

7.23 pp, from 92.36% to 85.13%, whereas HyGD-Net accuracy decreased by 2.16 pp, from 93.71% to 

91.55%. In Exp. 4, HyGD-Net outperformed ResNet by 6.42 pp. Across all scenarios, HyGD-Net 

maintained relatively stable accuracy together with high species-level sensitivity and specificity, 

indicating that its learned representations remained discriminative as physical-form composition varied. 

This robustness may be associated with the multi-order spectral representations used by HyGD-Net. 

As multiple physical forms are combined, within-class spectral distributions may broaden and form-

dependent reflectance variation may increase. Derivative representations attenuate slowly varying 

baseline components and emphasize local changes in spectral shape, potentially helping to distinguish 

species-related information from form-associated variation. The triple-branch architecture independently 

extracts features from each representation, while the gated fusion module modulates their contributions 

across spectral positions. Together, these mechanisms help preserve discriminative information as form-

related variability increases. 



 

 

4.4. XAI-based identification and chemical validation of discriminative wavelengths 

Although XAI techniques have been increasingly applied in agricultural spectroscopy, identified 

wavelengths are rarely evaluated against independent chemical analyses [27]. In addition to assessing 

classification performance, this study examined whether model attribution patterns were consistent with 

chemically meaningful evidence by comparing IG-derived consensus wavelengths with GC-TOF-MS 

profiles. 

4.4.1. Cross-modality and cross-model convergence of discriminative wavelengths 

Across modalities, consistent IG attribution patterns were observed in the VNIR and SWIR domains. 

Despite differences in sensor type, spatial resolution, and spectral resolution, both modalities identified 

consensus wavelengths within the overlapping 900–1000 nm region. Specifically, global consensus 

wavelengths at approximately 997 nm in VNIR and 991 nm in SWIR converged on the same broader 

spectral region across separately acquired modalities. This agreement suggests that the region may contain 

discriminative information that is not specific to a single sensor modality.  

At the model and experimental levels, the robustness of the IG results was further supported by 

intermodel and cross-scenario agreement. Despite substantial architectural differences among 

convolutional, residual, attention-based, and gated-fusion models, consensus wavelengths recurred across 

multiple experimental scenarios encompassing different physical-form compositions. This recurrence 

indicates that the identified regions are comparatively robust to model architecture and form-associated 

spectral variability. 

Taken together, convergence across spectral modalities, model architectures, and experimental 

scenarios supports the interpretation that the models repeatedly use related spectral regions for 

interspecies discrimination. This consistency reduces, but does not eliminate, the likelihood that the 

identified regions arise solely from model-specific or scenario-specific artifacts. Chemical interpretation 

therefore requires additional evidence, as examined through the GC-TOF-MS comparison below. 



 

 

4.4.2. Cross-validation of XAI consensus wavelengths with GC-TOF-MS chemical analysis 

The chemical plausibility of the identified consensus wavelengths was further examined through 

comparison with the GC-TOF-MS results (Fig. 9). Among the nine identified compounds, four were 

detected exclusively in P. pedatisecta, namely hexanoic acid, (E,E)-2,4-heptadienal, (E)-2-octenal, and 

nonanal, whereas two, 2-heptanone and phenylacetaldehyde, were detected exclusively in P. ternata. 

These qualitative detection patterns indicate interspecies differences in volatile composition. Near-

infrared absorption regions associated with the functional groups present in these compounds were 

subsequently compared with the IG-derived consensus wavelengths. 

In the VNIR region, the most stable consensus wavelength, approximately 444 nm within the broader 

440–453 nm cluster, is consistent with the π→π∗ electronic transition region associated with conjugated 

double-bond systems in carotenoids [38]. Variation in this spectral region has been associated with 

differences in pigment composition, including carotenoid and flavonoid contributions [39]. In addition, 

consensus wavelengths within the 930–1000 nm range, including approximately 997 nm in VNIR and 991 

nm in SWIR, are consistent with an O–H overtone absorption region near 950–1000 nm [40]. Hexanoic 

acid, detected exclusively in P. pedatisecta, contains a carboxyl group and therefore provides one 

plausible chemical context for interspecies differences involving O–H-associated spectral features. 

However, this qualitative association does not establish that hexanoic acid specifically caused the 

observed attribution pattern. 

In the SWIR region, the consensus wavelength near 1157 nm lies within a C–H second-overtone 

region [18]. Previous studies have reported second overtones of sp² C–H bonds in aromatic and olefinic 

structures at shorter wavelengths, approximately 1130–1140 nm, and second overtones of sp³ C–H bonds 

in alkyl structures at longer wavelengths, approximately 1190–1210 nm [41]. Compounds such as (E,E)-

2,4-heptadienal and (E)-2-octenal contain both unsaturated and alkyl structural moieties, whereas nonanal 

contains a saturated carbon chain. The consensus wavelength near 1157 nm may therefore lie within a 



 

 

broader region influenced by overlapping C–H overtone contributions associated with interspecies 

compositional differences. 

Overall, the VNIR consensus wavelengths were associated primarily with pigment-related electronic 

transitions and O–H overtone regions, whereas the SWIR consensus wavelengths were concentrated 

within C–H overtone regions. This complementary pattern suggests that the two spectral domains capture 

distinct but potentially synergistic chemical information. Importantly, the qualitative agreement between 

IG-derived wavelength importance and GC-TOF-MS-informed functional-group interpretation is 

consistent with the possibility that the learned discriminative patterns reflect underlying compositional 

differences rather than arbitrary numerical features. However, the GC-TOF-MS analysis provides 

chemical corroboration rather than direct compound-specific validation of individual wavelengths. 

4.5. Limitations and future work 

Several limitations should be acknowledged. First, all samples were obtained from a single supplier, 

NIKOM, and variability across geographical origins and harvest years was therefore not adequately 

represented. Second, GC-TOF-MS analysis was limited to volatile constituents, precluding direct 

evaluation of the contributions of nonvolatile macromolecules, such as starch, other polysaccharides, and 

proteins, to the SWIR consensus wavelengths. In addition, SWIR classification reached ceiling-level 

accuracy across all models, making it difficult to distinguish performance differences among architectures 

in this range. Such differences can be adequately assessed only with more challenging and diverse sample 

sets in future studies. 

Future work should therefore (i) include samples spanning diverse cultivars, geographical origins, and 

harvest years to assess model generalizability and (ii) incorporate complementary liquid chromatography–

mass spectrometry (LC-MS) and Fourier-transform infrared (FT-IR) spectroscopy to extend chemical 

evaluation to nonvolatile constituents. In addition, field applicability should be assessed by developing 



 

 

and validating a portable hyperspectral system based on the key wavelength regions identified in this 

study. 

  



 

 

5. Conclusion 

This study proposed HyGD-Net, an end-to-end hyperspectral imaging-based deep learning architecture 

for the nondestructive authentication of morphologically similar P. ternata and P. pedatisecta across 

multiple processed forms. HyGD-Net integrates a learnable derivative filter, a triple-branch CNN, and 

position-wise gated fusion to jointly optimize spectral transformation and classification using VNIR and 

SWIR spectra without external derivative preprocessing. The model therefore reduces dependence on 

manually selected preprocessing while providing a unified architecture for multi-form authentication of 

medicinal plant materials. 

HyGD-Net achieved 100.00% accuracy across all SWIR scenarios. In the VNIR range, it achieved a 

mean accuracy of 94.46% across seven scenarios spanning tuber, slice, and powder forms. These results 

demonstrate strong performance under in-form, mixed-form, and all-form conditions, which more closely 

represent post-harvest distribution environments in which medicinal plant materials occur in multiple 

processed forms. Ablation analyses further supported the contributions of the architectural components, 

particularly in the VNIR region: the learnable derivative filter enabled task-adaptive spectral 

transformation, the triple-branch CNN extracted representation-specific complementary features, and the 

gated fusion module modulated feature contributions across spectral positions. 

To address the black-box nature of deep learning predictions, an Integrated Gradients-based, multi-

model, multi-scenario consensus analysis was used to identify discriminative wavelengths that recurred 

across physical-form conditions. GC-TOF-MS profiling provided complementary chemical context for 

these XAI-derived wavelengths by identifying species-specific volatile profiles and comparing them with 

relevant functional-group absorption regions. Interpretability was therefore provided by the surrounding 

analytical workflow rather than by intrinsic model transparency. HyGD-Net itself is not intrinsically 

interpretable; instead, the broader workflow links prediction, attribution-based explanation, and 

independent chemical evidence. Taken together, the findings support HyGD-Net as a preprocessing-free, 



 

 

form-robust framework with chemically corroborated explanations for the post-harvest authentication of 

medicinal plant materials. 
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Captions 

Fig. 1. Schematic overview of the experimental workflow. (a) Preparation of P. ternata and P. 

pedatisecta in three physical forms (tuber, slice, and powder) and hyperspectral image acquisition in the 
visible and near-infrared (VNIR; 400–1000 nm) and short-wave infrared (SWIR; 900–1700 nm) spectral 
regions. (b) Architecture of the proposed HyGD-Net (left) and six benchmark classifiers (right) used for 
comparative performance evaluation. (c) Identification of consensus discriminative wavebands through 
Integrated Gradients-based explainable artificial intelligence (XAI) analysis across multiple scenarios, 
followed by chemical cross-validation using gas chromatography–time-of-flight mass spectrometry (GC-
TOF-MS) to assess the plausibility of the model's decision-making basis. 

Fig. 2. Hyperspectral imaging and spectral extraction pipeline. (a) Imaging chamber equipped with 
halogen and light-emitting diode (LED) light sources. (b) Region-of-interest (ROI) extraction for tuber 
(top), slice (middle), and powder (bottom) samples, with representative spectra. 

Fig. 3. Architecture of the Hyperspectral Gated Derivative Network (HyGD-Net). (a) Overall 
network pipeline from the input spectrum to the classification output through learnable filtering, a triple-
branch convolutional neural network (CNN), gated fusion, and a classification head. (b) Learnable filter 
comprising Savitzky–Golay-initialized one-dimensional convolution (Conv1D) kernels and trainable 
residuals. (c) Position-wise gated fusion with sigmoid-based branch weighting. 

Fig. 4. Mean reflectance spectra of P. ternata and P. pedatisecta across physical forms in the visible 

and near-infrared (VNIR) and short-wave infrared (SWIR) regions. (a–c) VNIR (400–1000 nm): (a) 
tuber, (b) slice, and (c) powder. (d–f) SWIR (900–1700 nm): (d) tuber, (e) slice, and (f) powder. 

Fig. 5. Classification accuracy and variability of HyGD-Net and six benchmark models across seven 

experimental scenarios. (a) Scenario-specific classification accuracy in the visible and near-infrared 
(VNIR; 400–1000 nm) range. (b) Boxplot of the accuracy distribution across seven experiments in the 
VNIR range. (c) Scenario-specific classification accuracy in the short-wave infrared (SWIR; 900–1700 
nm) range. (d) Boxplot of the accuracy distribution across seven experiments in the SWIR range. 

Fig. 6. Ablation results of the Hyperspectral Gated Derivative Network (HyGD-Net) across seven 

experimental scenarios. Circle size and percentage labels indicate decreases in performance associated 
with removing or modifying each component, whereas the bar plots show cumulative performance gains 
from the baseline architecture to the full model. 

Fig. 7. Distribution of learned gate values in the gated fusion module across wavelength positions 

for the seven experimental scenarios. (a) Visible and near-infrared (VNIR; 400–1000 nm) range. (b) 
Short-wave infrared (SWIR; 900–1700 nm) range. Within each panel, subplots correspond to Exp. 1–7. 
Lines denote the mean gate value at each wavelength position for the raw, first-order derivative, and 
second-order derivative branches; shaded bands denote ±1 standard deviation across test samples at each 
wavelength position. 

Fig. 8. Integrated Gradients (IG) attribution analysis across five deep learning models and seven 

experimental scenarios. (a) Visible and near-infrared (VNIR; 400–1000 nm) range. (b) Short-wave 
infrared (SWIR; 900–1700 nm) range. Consensus wavelength bands are highlighted. 



 

 

Fig. 9. Cross-validation of consensus wavelengths using gas chromatography–time-of-flight mass 

spectrometry (GC-TOF-MS) analysis. (a) Integrated Gradients attribution scores across the full spectral 
range (400–1700 nm), with identified consensus wavelengths. (b) Species-specific volatile compounds 
detected by GC-TOF-MS. (c) Correspondence between consensus wavelengths and near-infrared 
overtone absorption regions associated with the identified functional groups. 

 



Figures

Figure 1

Schematic overview of the experimental workflow. (a) Preparation of P. ternata and P. pedatisectain
three physical forms (tuber, slice, and powder) and hyperspectral image acquisition in the visible and
near-infrared (VNIR; 400–1000 nm) and short-wave infrared (SWIR; 900–1700 nm) spectral regions. (b)
Architecture of the proposed HyGD-Net (left) and six benchmark classifiers (right) used for comparative
performance evaluation. (c) Identification of consensus discriminative wavebands through Integrated
Gradients-based explainable artificial intelligence (XAI) analysis across multiple scenarios, followed by



chemical cross-validation using gas chromatography–time-of-flight mass spectrometry (GC-TOF-MS) to
assess the plausibility of the model's decision-making basis.

Figure 2

Hyperspectral imaging and spectral extraction pipeline. (a) Imaging chamber equipped with halogen
and light-emitting diode (LED) light sources. (b) Region-of-interest (ROI) extraction for tuber (top), slice
(middle), and powder (bottom) samples, with representative spectra.



Figure 3

Architecture of the Hyperspectral Gated Derivative Network (HyGD-Net). (a) Overall network pipeline
from the input spectrum to the classification output through learnable filtering, a triple-branch
convolutional neural network (CNN), gated fusion, and a classification head. (b) Learnable filter
comprising Savitzky–Golay-initialized one-dimensional convolution (Conv1D) kernels and trainable
residuals. (c) Position-wise gated fusion with sigmoid-based branch weighting.



Figure 4

Mean reflectance spectra of P. ternata and P. pedatisectaacross physical forms in the visible and near-
infrared (VNIR) and short-wave infrared (SWIR) regions. (a–c) VNIR (400–1000 nm): (a) tuber, (b) slice,
and (c) powder. (d–f) SWIR (900–1700 nm): (d) tuber, (e) slice, and (f) powder.



Figure 5

Classification accuracy and variability of HyGD-Net and six benchmark models across seven
experimental scenarios. (a) Scenario-specific classification accuracy in the visible and near-infrared
(VNIR; 400–1000 nm) range. (b) Boxplot of the accuracy distribution across seven experiments in the
VNIR range. (c) Scenario-specific classification accuracy in the short-wave infrared (SWIR; 900–1700
nm) range. (d) Boxplot of the accuracy distribution across seven experiments in the SWIR range.



Figure 6

Ablation results of the Hyperspectral Gated Derivative Network (HyGD-Net) across seven experimental
scenarios. Circle size and percentage labels indicate decreases in performance associated with
removing or modifying each component, whereas the bar plots show cumulative performance gains
from the baseline architecture to the full model.



Figure 7

Distribution of learned gate values in the gated fusion module across wavelength positions for the
seven experimental scenarios. (a) Visible and near-infrared (VNIR; 400–1000 nm) range. (b) Short-wave
infrared (SWIR; 900–1700 nm) range. Within each panel, subplots correspond to Exp. 1–7. Lines denote
the mean gate value at each wavelength position for the raw, first-order derivative, and second-order
derivative branches; shaded bands denote ±1 standard deviation across test samples at each
wavelength position.



Figure 8

Integrated Gradients (IG) attribution analysis across five deep learning models and seven experimental
scenarios. (a) Visible and near-infrared (VNIR; 400–1000 nm) range. (b) Short-wave infrared (SWIR; 900–
1700 nm) range. Consensus wavelength bands are highlighted.



Figure 9

Cross-validation of consensus wavelengths using gas chromatography–time-of-flight mass
spectrometry (GC-TOF-MS) analysis. (a) Integrated Gradients attribution scores across the full spectral
range (400–1700 nm), with identified consensus wavelengths. (b) Species-specific volatile compounds
detected by GC-TOF-MS. (c) Correspondence between consensus wavelengths and near-infrared
overtone absorption regions associated with the identified functional groups.


