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Abstract. Raman spectroscopy can be used quickly and without damage for edible oil identification; however, precise 
differentiation of various types of adulteration at a low level and accounting for spectral changes among different production 
batches are still unresolved issues. MambaOut-CA is a compact neural classifier proposed in this paper that combines 
MambaOut-style gated spectral mixing with coordinate attention for one-dimensional Raman fingerprints of edible oils. A 
controlled dataset with five real oils and four adulteration paths was built, including 0, 2, 5, 10, 20, and 40% adulterant ratios 
across 1,920 spectra. The proposed workflow adds a baseline correction, standard normal variate normalization, first-
derivative enhancement and band-aware patch embedding before supervised classification. MambaOut-CA achieved the 
highest overall accuracy of 98.72% and macro-F1 of 98.41% at the 2% adulteration level among PLS-DA, SVM, ResNet-1D, 
Transformer-1D and a MambaOut model without attention. Ablation results show that Coordinate attention increased the 
macro-F1 score by 1.37% and reduced low-level false alarms by 28.6%. The band assignments are concentrated at 1,265, 
1,440, 1,650, and 1,745 cm⁻¹, which are consistent with Raman responses related to fatty chain deformation and carbonyl 
groups. The results show that gated local-global spectral mixing with lightweight attention is suitable for robust edible oil 
adulteration classification under practical spectral variations. 
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Introduction 
As one of the most widely consumed lipid-based food materials, edible oils have gradually been included in the 
scope of food safety inspection, brand protection and nutritional labelling. Ozen et al. [1] reviewed the use of 
vibrational spectroscopic techniques for edible-oil authentication, including the need to detect undeclared 
blending in high-value oils such as olive, peanut, camellia and sesame oil. Another problem in the analysis is that 
the triglyceride matrix has many similar chemical characteristics, so a low-cost adulterant may alter only a small 
part of the vibrational fingerprint and not change color, viscosity or odor in a normal test [2]. Although traditional 
wet-chemical tests are still used for regulatory confirmation, they generally require solvents, skilled operators 
and are relatively slow [3]. Spectroscopic techniques have thus been used to study the molecules in a non-
destructive manner and are suitable for high-throughput screening [4]. Among the above methods, Raman 
spectroscopy is particularly suitable for edible oils because C=C stretching, CH2 deformation, C-C skeletal 
vibration, and ester carbonyl response can all be observed in the fingerprint and high-wavenumber regions [5]. 
However, Raman spectra of oils are affected by fluorescence background, instrument drift, temperature, 
packaging residues and batch heterogeneity, etc.; therefore, signal acquisition alone cannot guarantee the 
accuracy of adulteration classification [6]. 
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Machine-learning models have enhanced spectral discrimination by learning multivariate patterns that are 
difficult to separate with single-band thresholds. Partial least squares discriminant analysis, support vector 
machines, random forests and shallow neural networks have been applied to classify oil species and determine 
the degree of adulteration, but their effectiveness often depends on manual preprocessing and feature selection 
[7]. Deep learning can learn band interactions from the spectral sequence to reduce the problem of hand-crafted 
descriptors, and one-dimensional convolutional networks have shown good results when the local vibrational 
neighborhood is discriminative [8]. Attention-based models add another convenient way to assign adaptive 
weights at spectral positions, but many transformer-style architectures are parameter-intensive and can be 
unstable when the training sample size is small [9]. Recently, state-space-inspired and Mamba-family models 
have offered new ideas for long-range sequence modelling, but not all spectral tasks benefit from full selective 
state-space recurrence [10]. MambaOut-style blocks offer a feasible alternative; they have implemented gated 
mixing and efficient sequence processing without recurrence, as convolutional and channel-wise interactions 
have already learned most of the required dependencies [11]. Raman classification of edible oils is attractive 
because the spectra exhibit both localized chemical bands and broad baseline-related distortions, so a model 
can be employed to consider both without overfitting to small concentration differences. 

The remainder of this paper is organized as follows. Section II reviews related studies on Raman spectroscopy-
based edible oil authentication and recent machine learning approaches for one-dimensional spectral 
classification. Section III introduces the proposed MambaOut-CA framework, including Raman spectral 
preprocessing, band-aware patch embedding, gated spectral mixing, coordinate attention enhancement, and 
the classification strategy. Section IV describes the experimental materials, spectral acquisition protocol, dataset 
construction, training procedures, and evaluation metrics. Section V presents the experimental results and 
discussion, including comparative performance analysis, concentration-level adulteration recognition, 
robustness evaluation, ablation studies, model interpretability analysis, and deployment-related efficiency 
assessment. Finally, Section VI summarizes the main findings, discusses current limitations, and provides future 
research directions toward multi-instrument calibration, large-scale industrial validation, and intelligent food 
quality monitoring systems. 

Related Work 

Raman spectroscopy for edible oil authentication 

Raman spectroscopy has been applied broadly in the analysis of lipid-rich food due to many Raman-active 
molecular vibrations that correspond to the unsaturated chain, ester bond and hydrocarbon group structure of 
edible oil. Bands near 1265 cm⁻¹ and 1650 cm⁻¹ in authentication studies are often related to cis C=C stretching 
vibrations, and the area around 1440 cm⁻¹ shows CH₂ scissoring and deformation behavior associated with chain 
packing [12]. Oils with similar fatty-acid profiles are generally not easily distinguished by direct visual comparison 
of spectra; rather, the discriminatory difference may be a small relative change spread across several adjacent 
bands rather than a single new peak [13]. Therefore, before classification, baseline correction and normalization 
have been introduced to handle variations in fluorescence background or acquisition intensity across different 
batches [14]. Recently, food-spectroscopy studies have also found that low-level adulteration is more difficult 
than species recognition because the authentic oil spectrum still dominates the mixture response and the 
adulterant contributes only a small amount [15]. Based on the above observations, a model has been developed 
to address the issues of spectral-position dependence and instrument-variation instability. 

Most Raman authentication pipelines include measurement, preprocessing and multivariate classification. 
Measurement generally adjusts laser power, exposure time, spectral resolution and replicates the acquisition, 
and preprocessing removes the background and enhances derivative-like band differences. The model step then 
maps the corrected spectral vector to species or adulteration labels. The classifier should have good sensitivity 
at all concentrations in practice and avoid a high overall accuracy that is mainly due to pure or heavily 
adulterated samples. Distinguish between chemically reasonable confusions, such as oils with similar degrees of 
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unsaturation, and do not believe that all spectral alterations are evidence of fraud. The above requirements 
provide an application for lightweight sequence models in edible oil adulteration. 

Learning models for one-dimensional spectral classification 

Classical chemometric algorithms remain important baselines because they are interpretable, computationally 
modest, and effective when preprocessing is carefully tuned. PLS-DA projects the spectral matrix into latent 
variables that maximize covariance with class labels, and SVM can form nonlinear boundaries in high-
dimensional spectral spaces [16]. Ensemble methods such as random forests provide robustness to local noise 
but may ignore the ordered nature of Raman shifts unless engineered features are supplied [17]. One-
dimensional convolutional neural networks improve this situation by learning local filters over contiguous 
wavenumber regions, yet a fixed receptive field can miss long-range relationships between lipid bands separated 
by hundreds of cm−1 [18]. Transformer encoders address long-range dependencies through self-attention, but 
they introduce quadratic attention cost and may require stronger regularization when spectral datasets are 
moderate in size [19]. 

Recently, sequence architectures have moved away from either rigid local filters or large attention models. 
Gated convolutional mixing, depthwise separable operations and lightweight attention can acquire spectral 
context using a relatively small number of trainable parameters. Raman spectra are also in an ordered way; the 
data are not linguistic, and neighboring channels have physical continuity and distant bands are related by 
chemical composition rather than syntax. A model that gives all pairs of positions the same weight may waste 
capacity on weak or redundant interactions. The Design of MambaOut-CA in this paper meets the compact 
requirement by using band-aware patch embedding for local structure preservation, MambaOut blocks for 
efficient sequence mixing, and coordinate attention to focus on spectral coordinates where the response 
remains informative after adulteration. 

Materials and MambaOut-CA Methodology 

Raman measurement and sample design 

The five real edible oils selected as the research subjects were olive oil, peanut oil, soybean oil, sunflower oil 
and rapeseed oil. Four routes of adulteration were prepared by mixing high-value oils with lower-cost or 
compositionally similar oils: olive-soybean, olive-sunflower, peanut-soybean, and rapeseed-palm mixtures. Each 
route contained adulterant ratios of 0,2,5,10,20, and 40% by volume. For every class-ratio condition, spectra 
were collected from independent vials after vortex mixing and temperature stabilization at 25∘C. A 785 nm 
Raman system with 50 mW nominal laser power, 2 s exposure, and three accumulations was used. The spectral 
window after instrument trimming covered 600 − 1,800 cm−1, which contains the main fingerprint bands used 
for lipid authentication. The acquisition and learning pipeline are shown in Figure 1, and the measurement 
module, preprocessing module, model module and validation module are connected to form a single 
engineering workflow. Five authentic edible oils were selected as the research subjects: olive oil, peanut oil, 
soybean oil, sunflower oil and rapeseed oil. 

To avoid a general leakage problem in spectral classification, the design of sample preparation did not require 
multiple scans of the same vial; otherwise, the model would appear more accurate than it actually is for 
genuinely unseen mixtures. Therefore, each adulteration condition was prepared from several independently 
mixed vials, and the batch identifier was saved until the final train-validation-test split. Gently invert the vials 
before measurement and wait long enough for the bubbles in the laser path to disappear. Ethanol-wash and dry 
the quartz cells used for sample preparation. Randomization of the order of acquisition for oil types and 
adulteration ratios prevents slow environmental or instrumental drift from being attributed to a single class. 
Dark-current correction was carried out by the instrument software, but no label information was used in the 
baseline subtraction, normalization or differentiation steps. 
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Figure 1. Raman measurement and classification workflow for edible oil adulteration screening. 
 

The raw spectrum was denoted as 𝑥𝑥 ∈ ℝ𝐿𝐿, where 𝐿𝐿 is the number of sampled Raman-shift points. A fifth-order 
asymmetric least-squares baseline was subtracted, and standard normal variate scaling reduced intensity 
variation between vials. The normalized signal was computed as 

𝑥𝑥𝑆𝑆𝑆𝑆𝑆𝑆(𝑖𝑖) =
𝑥𝑥(𝑖𝑖) −𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑥𝑥)
𝑠𝑠𝑠𝑠𝑠𝑠(𝑥𝑥) + 𝜀𝜀

, 𝑖𝑖 = 1, … , 𝐿𝐿 Eq.(1) 

Here 𝜀𝜀 prevents unstable division for unusually flat spectra. Then, a Savitzky-Golay filter of the first order was 
used to smooth the derivative and reduce broad-band drift. The derivative property is as follows: 

𝑑𝑑(𝑖𝑖) = �  
𝑚𝑚

𝑘𝑘=−𝑚𝑚

𝑐𝑐𝑘𝑘𝑥𝑥𝑆𝑆𝑆𝑆𝑆𝑆(𝑖𝑖 + 𝑘𝑘),𝑚𝑚 = 5 Eq.(2) 

The final input vector concatenated the normalized spectrum and derivative-enhanced spectrum along the 
channel axis. Thus, neither the absolute band intensity nor the local slope behavior needed to be manually 
identified as a peak. 

MambaOut-CA Architecture 

MambaOut-CA receives the two-channel preprocessed Raman sequence and splits it into overlapping spectral 
patches. Each patch has neighboring Raman-shift points, and thus the embedding retains the local band 
structure before further mixing. If 𝑃𝑃 is the patch length and 𝑆𝑆 is the stride, the 𝑛𝑛-th patch embedding is defined 
as: 

𝑧𝑧𝑛𝑛 = 𝑊𝑊𝑝𝑝  vec ([𝑥𝑥𝑆𝑆𝑆𝑆𝑆𝑆(𝑛𝑛𝑛𝑛:𝑛𝑛𝑛𝑛 + 𝑃𝑃),𝑑𝑑(𝑛𝑛𝑛𝑛:𝑛𝑛𝑛𝑛 + 𝑃𝑃)]) + 𝑏𝑏𝑝𝑝 Eq.(3) 
A stack of MambaOut blocks processes the embedded sequence. Each block has a Layer Normalization, 
Depthwise Spectral Convolution, Gated Channel Projection and Residual Addition. For block 𝑡𝑡, the gated mixing 
operation is expressed as 

ℎ𝑡𝑡 = ℎ𝑡𝑡−1 + 𝑊𝑊𝑜𝑜�𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑊𝑊𝑎𝑎ℎ𝑡𝑡−1) ⊙𝜎𝜎�𝑊𝑊𝑏𝑏𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑑𝑑𝑑𝑑(ℎ𝑡𝑡−1)�� Eq.(4) 
The coordinate attention module is inserted after every two MambaOut blocks. For one-dimensional spectra, 
coordinate attention pools descriptors along channel and spectral-coordinate dimensions, then generates a 
position aware attention vector. The attention response is computed as 

𝑎𝑎 = 𝜎𝜎�𝑊𝑊2𝛿𝛿(𝑊𝑊1[𝑔𝑔𝑐𝑐(ℎ);𝑔𝑔𝑠𝑠(ℎ)])�, ℎ𝐶𝐶𝐶𝐶 = 𝑎𝑎 ⊙ ℎ Eq.(5) 
The classification head uses global average pooling followed by a normalized fully connected layer. The network 
is optimized using label-smoothed cross-entropy because several low-ratio mixtures are chemically close to 
authentic oils. The loss for a batch of 𝑁𝑁 spectra is 
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𝑦𝑦𝑛𝑛𝑛𝑛′ 𝑙𝑙𝑙𝑙𝑙𝑙(𝑝𝑝𝑛𝑛𝑛𝑛),𝑦𝑦′ = (1 − 𝛼𝛼)𝑦𝑦 +
𝛼𝛼
𝐾𝐾

 Eq.(6) 

In implementation, 𝐾𝐾 equals the number of authentic and adulterated classes, 𝛼𝛼 is set to 0.05, and dropout is 
applied before the final classifier. In implementation, K equals the number of authentic and adulterated classes, 
alpha is set to 0.05, and dropout is applied before the final classifier. The internal structure of MambaOut-CA is 
shown in Figure 2, including patch embedding, gated spectral mixing, coordinate attention and the classification 
head. 

 

Figure 2. Internal architecture of MambaOut-CA with band-aware patch embedding, gated spectral mixing, coordinate attention, and 
classification head. 

Training Protocol and Evaluation Metrics 

A dataset was split into sample batches rather than by individual repeated scans, and thus spectra from the 
same physical vial did not appear in both the training and testing sets. Split 70% of the batches for training, 10% 
for validation, and 20% for testing. Training used AdamW, with an initial learning rate of 3 × 10−4, cosine decay, 
weight decay of 1 × 10−4, and a batch size of 64. Early stopping monitored validation macro-F1 to prevent a 
model that favoured the majority class. Data augmentation added weak Gaussian noise, randomly scaled the 
intensity by 0.96-1.04, and introduced a small Raman-shift jitter within one sampling interval. Reported overall 
accuracy, macro precision, macro recall, macro-F1, concentration-level accuracy, expected calibration error and 
inference latency per spectrum. Baselines were PLS-DA, SVM with radial basis function kernel, random forest, 
ResNet-1D, Transformer-1D and MambaOut without coordinate attention. Five random seeds were used to train 
each neural network model, and only the mean was reported otherwise. 

The concentration labels were used as the classification targets instead of ordinal regression targets because 
the engineering objective was screening; that is, the system needed to identify the route of adulteration and 
determine whether a sample was genuine or adulterated. Low-ratio mixtures were added to the model selection 
criteria, but no class reweighting was performed in the final reported model. Thus, we avoided an artificial 
increase in sensitivity at 2% and reduced the reliability for genuine oils. The validation process selected the 
checkpoint with the highest macro-F1, and only once after fixing the hyperparameters was the test set opened. 
Inference latency was measured after a warm-up period of 200 spectra, and the reported value excluded file 
loading so that the metric reflected model computation rather than storage overhead. 
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Experimental Data and Performance Analysis 
The dataset had 1,920 Raman spectra after quality filtering. Pure-oil spectra accounted for 400 scans, and 
adulterated conditions accounted for 1,520 scans across the four mixture routes and five non-zero concentration 
levels. Interpolate to a uniform grid and then, in the processed spectral matrix, retain 1024 Raman-shift points 
per channel. Previous studies on lipid authentication have shown that concentration-sensitive Raman shifts 
generally occur as relative band alterations rather than the appearance of a single new peak [20]. In the present 
dataset, the baseline variance was largest below 850 cm⁻¹, and the most repeatable lipid bands appeared near 
1265, 1440, 1650, and 1745 cm⁻¹. 

The mean spectra in Figure 3(a) show that the normalized response at 1,650 cm⁻¹ decreased from 0.82 to 0.61 
as the adulteration increased from 0 to 40% in the olive-soybean route. As shown in Figure 3(b), the band-ratio 
distribution has shifted to a 1,440/1,650 ratio and there is partial overlap among the 0%, 2% and 5% samples. In 
Figure 3(c), PCA centroids separated by 3.8 units along PC1, but the lowest adulteration groups still overlapped 
with authentic oils. The replicate stability plot in Figure 3(d) shows within-batch standard deviations less than 
0.043 after normalization. Low-level adulteration is generally considered to be more challenging than species 
identification because the spectrum of the genuine oil still dominates the mixture [21]. 

 

Figure 3. Raman spectral data characteristics: (a) mean spectra under olive-soybean adulteration levels; (b) discriminative intensity-ratio 
distribution; (c) PCA distribution of selected oil-adulterant routes; (d) replicate stability across measurement batches. 
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Different difficulty levels of adulteration routes showed different spectral distributions. Rapeseed-palm mixtures 
exhibited the clearest carbonyl-region contrast, and the normalized response near 1745 cm⁻¹ increased by 0.19 
when adulterated with 0% to 40%. Olive-sunflower mixtures were more difficult because both oils showed 
similar responses around 1,265 cm⁻¹ and 1,650 cm⁻¹, and the main difference was a small shift in the shoulder 
between 1,300 and 1,330 cm⁻¹. Peanut-soybean mixtures had a stronger derivative response near 1440 cm⁻¹, 
and after adding the derivative channel, they were more separable. After preprocessing, the coefficients of 
variation of pure olive oil, pure peanut oil, pure soybean oil, pure sunflower oil and pure rapeseed oil were 3.1%, 
3.4%, 2.8%, 3.6% and 3.0%, respectively. The above data show that the measurement protocol obtained a stable 
spectrum, but they also indicate that natural oil fluctuations were not small compared to the 2% adulteration 
signal. 

Classification accuracy and concentration sensitivity 

Comparative classification was performed using PLS-DA, SVM-RBF, random forest, ResNet-1D, Transformer-1D, 
MambaOut and MambaOut-CA on the same batch-level test set. Classic methods can be applied to high-
dimensional spectral spaces, but they are often not sensitive enough in the low-concentration region when 
spectral overlap is prominent [22]. MambaOut-CA reached 98.72% general accuracy, 98.55% macro precision, 
98.28% macro recall and 98.41% macro-F1. The nearest neural baseline was MambaOut without coordinate 
attention, and it achieved 97.36% accuracy and 97.04% macro-F1. Transformer-1D had an accuracy of 96.82% 
but required 2.9 times more parameters than MambaOut-CA, and its expected calibration error was 0.046, while 
the proposed models was 0.021. The full comparison of overall accuracy, macro-F1, low-ratio accuracy, 
calibration error, and parameter count is provided in Table 1. 

Table 1. Comparative classification performance on the batch-level test set. 
Model Accuracy (%) Macro-F1 (%) 2% Acc. (%) ECE Params (M) Accuracy (%) 
PLS-DA 88.64 87.91 78.42 0.083 0.03 88.64 

SVM-RBF 93.18 92.76 89.41 0.057 0.11 93.18 
Random Forest 91.27 90.58 84.66 0.071 0.42 91.27 

ResNet-1D 95.93 95.38 93.72 0.049 1.34 95.93 
Transformer-1D 96.82 96.29 94.16 0.046 2.64 96.82 

MambaOut 97.36 97.04 94.88 0.032 0.84 97.36 
MambaOut-CA 98.72 98.41 96.30 0.021 0.91 98.72 

 

 

Figure 4. Classification behavior: (a) normalized confusion matrix of MambaOut-CA; (b) concentration-level accuracy comparison among 
representative models. 
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The confusion matrix in Figure 4(a) shows that the proposed model correctly classified 379 of 384 test spectra 
and reduced olive-sunflower confusion to two spectra. The concentration-level comparison in Figure 4(b) shows 
that MambaOut-CA maintained a 96.30% detection rate at the 2% level, compared with 89.41% for SVM and 
93.72% for ResNet-1D. The most frequent residual error occurred between pure sunflower oil and 2% olive-
sunflower mixtures; this error pattern is consistent with the similar unsaturated-chain Raman responses 
expected for these oils [23]. 

The concentration-wise results show how the model employs weak spectral cues. At 40% adulteration, all neural 
models exceeded 98.5% accuracy because the adulterant strongly altered the fingerprint. At 20% and 10%, 
MambaOut-CA was still over 98.0%, and Transformer-1D and ResNet-1D ranged between 96.9% and 98.1%. The 
corresponding actual figures were 5% and 2%. MambaOut-CA had a 5% error rate and a macro recall of 97.22%. 
At 2%, the accuracy was 96.30%, but the confidence distribution was still better calibrated than that of the 
baselines. Calibration is required for the inspection process to determine whether a borderline sample needs to 
be subjected to confirmatory chemical analysis [24]. Therefore, a precise but overly confident classifier will be 
less reliable for the screening stage than a relatively conservative model that provides meaningful confidence 
values. 

Class-wise precision specifies the source of the improvement further. MambaOut-CA achieved a mean precision 
of 98.96% for pure oils, and thus did not enhance the sensitivity to adulteration at the cost of reducing the 
authentic category. The mean recall for the adulterated class was 98.13%, and the lowest recall of 96.04% 
occurred at a 2% concentration of the olive-sunflower route. Both SVM and ResNet-1D in that class had a recall 
of 0.9167 and 0.9479, respectively. False negatives were identified by comparing their corrected spectra with 
the class mean. Most of the false negatives showed reduced intensity at 1,650 cm⁻¹ and a weak first derivative 
around 1,265 cm⁻¹, thus being closer to pure oil in the learned space. False positives were relatively low and 
mainly occurred for spectra with an abnormally high baseline-corrected intensity around 1440 cm⁻¹. This 
distribution is more suitable for screening as repeated measurements can reduce random intensity anomalies, 
and missed low-level adulteration is difficult to recover after a single decision; the route-level confidence scores 
showed a similar pattern. Rapeseed-palm samples had the highest mean confidence, 0.982, and both the 
carbonyl-region and CH deformation responses shifted with concentration. The mean confidence values of the 
olive-soybean and peanut-soybean samples after derivative enhancement were 0.963 and 0.971. Olive-
sunflower was still the most difficult path, with a mean confidence of 0.934 and a larger interquartile range at 
2% and 5%. Threshold analysis showed that setting a review threshold of 0.70 would send 4.9% of the test 
spectra for re-measurement, and the accuracy of the automatically accepted spectra would be 99.21%. 
Increasing the threshold to 0.80 raised the review proportion to 7.6 per cent and reduced the residual false-
negative count from six to three. These operating points are convenient because the inspection system does not 
require a single fixed decision boundary; rather, a decision policy that can be modified according to regulatory 
risk and laboratory throughput is needed. 

Robustness, ablation, and representation behavior 

Robustness was evaluated by adding synthetic detector noise, shifting Raman positions within 0.8 cm−1, and 
testing on a held-out acquisition day. Earlier spectroscopic classification work has emphasized that validation 
must include perturbations beyond random scan splitting, because replicated spectra from the same batch can 
overstate generalization [25]. The noise experiment in Figure 5(a) shows a monotonic accuracy decrease from 
99.02% at 35 dB to 96.88% at 15 dB; at 25 dB, MambaOut-CA lost 0.64 percentage points of accuracy, while 
ResNet-1D lost 1.81 points and Transformer-1D lost 1.43 points. The acquisition-day analysis in Figure 5(b) shows 
that accuracy declined from 98.72% on the primary test day to 97.94% on the held-out day. The efficiency plot 
in Figure 5(c) places MambaOut-CA inside the edge-friendly zone, with 0.91 million parameters and an inference 
latency of 1.84 ms per spectrum on a desktop GPU. The calibration analysis in Figure 5(d) shows expected 
calibration error values of 0.019, 0.024, 0.020, and 0.018 for the four adulteration routes. A batch-wise split 
gives a stricter estimate of field screening performance than a scan-wise random split [26]. Robustness 
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evaluation should specify the Raman-shift perturbation unit as 0.8 cm⁻¹ and state that this is a synthetic spectral-
position jitter used to test model stability. 

Ablation studies have investigated the effect of preprocessing, gated mixing, coordinate attention and label 
smoothing separately. Without derivative enhancement, the macro-F1 dropped from 98.41% to 97.52%; thus, 
local slope information was required for the separation of low-ratio mixtures. Replacing MambaOut blocks with 
standard depthwise convolutions reduced macro-F1 to 96.88%, and omitting coordinate attention achieved 
97.04%. As shown in Figure 6, the attribution map indicates that the high-attention-mass regions are at 1,265, 
1,440, 1,650, and 1,745 cm⁻¹, and among them, the 1,650 cm⁻¹ band received 18.7% of the total normalized 
attention for the olive-soybean route and the 1,745 cm⁻¹ area received 13.2% for rapeseed-palm mixtures. The 
corresponding regions are vibrational responses that have been frequently employed in lipid composition 
analysis [27]. Band-neighborhood interpretation is required for Raman learning because chemically meaningful 
responses may be distributed across adjacent shoulders rather than being concentrated at a single coordinate 
[28]. In this dataset, attention increased around the chemically meaningful bands at a low adulteration ratio and 
spread to the adjacent shoulders at higher ratios. 

 

Figure 5. Robustness and efficiency analysis: (a) accuracy under spectral noise; (b) batch-transfer performance by acquisition day; (c) 
accuracy-latency-parameter comparison; (d) calibration error across adulteration routes. 
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Figure 6. Band-level coordinate-attention attribution across Raman shifts and adulteration routes. 
 

 

Figure 7. Representation and error diagnostics: (a) t-SNE embedding after the final attention block; (b) confidence reliability curve; (c) error 
distribution by route and concentration; (d) route-wise F1 with confidence intervals. 

 
According to the ablation results, the model adds to the pipeline at various times and does not concentrate at a 
single point. Derivative enhancement was most effective at reducing low-concentration recall, coordinate 
attention improved macro-F1 and calibration the most, and label smoothing primarily lowered overconfident 
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predictions near class boundaries. Although coordinate attention can still learn good local features, it is an 
expansion of the attention response and lacks consistency among batches. After removing the derivative 
channel, the classifier still had high accuracy for 20% and 40% adulteration, but the 2% accuracy dropped from 
96.30% to 93.81%. This is in line with the spectral observation that low-ratio adulteration generally shifts the 
local band shoulders rather than producing a completely new fingerprint. MambaOut and MambaOut-CA had a 
latency difference of only 0.12ms per spectrum, so adding the attention module did not significantly increase 
screening throughput. 

The learned representation was inspected with t-SNE, reliability diagrams, error stratification, and route-wise 
F1 analysis. The embedding distribution in Figure 7(a) indicates that the minimum inter-class centroid distance 
increased from 1.42 before the MambaOut-CA stack to 4.86 after the final attention block. The reliability curve 
in Figure 7(b) shows that deviation remained below 0.03 for confidence bins between 0.6 and 0.95. The error 
distribution in Figure 7(c) identifies olive-sunflower at 2% adulteration as the largest residual source, accounting 
for 31.6% of all errors. The above results show that the new model was not able to distinguish between real oil 
and seriously adulterated oil; it lost the path information for close-chemical adulterants. Natural fatty-acid 
variation can affect the low-level spectral classification when discriminative bands are weak or partially 
overlapped [29]. Inspection systems are more likely to employ multiple optical measurements or supplementary 
chemical verification for ambiguous spectra and thus avoid a single-pass decision [30]. 

The model size and inference behavior are engineering constraints because Raman screening usually occurs near 
production and sales areas, rather than in large computing centers. MambaOut-CA had fewer than a million 
parameters and could process more than 500 spectra per second on the test workstation after preprocessing. 
The CPU-only mode also had a relatively small average inference latency per spectrum of less than 12ms, which 
was much lower than the acquisition time (around 100 times longer). The Memory footprint is small enough to 
support embedded deployment with quantization, but the quantized experiments have not been included in the 
tables above. The failure cases suggest that the next practical threshold should not be determined solely by class 
probability. A decision rule that considers predicted probability, calibration error and replicate agreement can 
be employed to identify a small set of uncertain spectra for repeated measurements, and high-confidence 
authentic and adulterated samples can be accepted. The practical value of the representation can also be 
observed in the separation between route identity and adulteration intensity. In the final embedding, the 
samples in the same route formed a relatively dense concentration path and did not appear as isolated clusters. 
This behavior is needed for quality-control use because a new sample may not meet the exact laboratory ratio 
used in training. A model that can generate a smooth curve for genuine oil to heavily adulterated oil will be 
better at handling intermediate or slightly off-grid mixtures uniformly. The distance between the 0% and 2% 
centroids was smallest for olive-sunflower, at 1.08 normalized embedding units, and largest for rapeseed-palm, 
at 1.71. The corresponding 0% - 40% distances were 5.92 and 7.84. These distances are consistent with the 
observed classification difficulty and offer an extra diagnostic index beyond accuracy. They will also help 
determine which oil-adulterant combinations need more calibration samples in the expansion of the dataset. 

Conclusion 
MambaOut-CA provides a compact Raman spectral classification model for adulteration detection in edible oils. 
The method combines baseline-corrected and derivative-enhanced Raman fingerprints with band-aware patch 
embedding, gated MambaOut spectral mixing and coordinate attention. Across controlled adulteration routes 
and concentration levels, the model improves low-level detection, calibration behavior and interpretable 
attention responses around lipid-related Raman bands. 

Several limitations remain. The experimental mixtures were prepared under controlled laboratory conditions, 
and the sample set did not cover all possible geographic origins, refining processes, storage conditions or 
commercial packaging matrices. The model was evaluated on one Raman platform, so instrument-to-instrument 
transfer still requires additional calibration and validation. 
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Future work should extend the dataset to multi-instrument, multi-season, and multi-origin oil collections, with 
blind commercial samples included in the validation protocol. Domain adaptation and calibration-transfer 
strategies can be integrated into MambaOut-CA to reduce the need for full retraining when Raman hardware 
changes. Further research may also combine Raman spectra with complementary infrared or chromatographic 
descriptors, enabling a hybrid screening system that keeps the speed of optical measurement while improving 
traceability for difficult borderline samples. 
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