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Abstract: 
This study presents a spectral signature analysis and band selection framework for the non-destructive 
quantification of curcumin in fresh turmeric rhizomes using hyperspectral imaging (HSI). The analysis 
involves acquiring reflectance spectra across 200+ contiguous bands ranging from 388.9 nm to 1026.0 
nm and identifying the most informative wavelengths associated with curcumin concentration. 
Mathematical feature selection techniques, including mutual information (MI), successive projections 
algorithm (SPA), and a hybrid MI-correlation-based ranking method, were applied to reduce spectral 
dimensionality. 
Among these, the hybrid method demonstrated the best trade-off between band relevance and diversity. 
It consistently selected the chemically significant 425 nm band, as validated by HPLC, while enhancing 
deep learning model performance with lower RMSE. These findings make hybrid band selection a key 
enabler for efficient and interpretable 3D-CNN-based curcumin prediction. 
Keywords: Hyperspectral Imaging, Band Selection, Curcumin, Turmeric Rhizomes, Spectral 

Signature, Dimensionality Reduction, Feature Engineering 
Introduction: 

Curcumin, the primary bioactive compound in turmeric (Curcuma longa), is valued for its 
pharmacological properties. Traditional methods for curcumin quantification such as HPLC are 
accurate but destructive and time-consuming. Hyperspectral imaging (HSI), which combines spatial 
and spectral information, offers a non-destructive alternative [15, 29]. This study explores the spectral 
signature of turmeric rhizomes and proposes an optimized band selection pipeline for curcumin 
prediction. 
Materials and Methods: 

Data Acquisition: 
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HSI data of fresh turmeric rhizomes were collected using a HSI camera covering wavelengths from 
388.9 nm to 1026.0 nm. Each hyperspectral cube consisted of spatial dimensions (rows, columns) and 
spectral bands. 

Reference Measurements: 
Curcumin concentrations for selected regions of interest (ROIs) were measured using High-
Performance Liquid Chromatography (HPLC) and used as ground truth. And P1, P2, P3, and Sample1 
HIS images were extracted using ROI. Reflectance data were standardized using Z-score 
normalization. 

Spectral Signature Extraction: 
A spectral signature is the unique pattern of reflectance (or radiance) across different wavelengths for 
a specific material or object [66]. In the context of hyperspectral imaging (HSI), each pixel contains a 
full spectrum, and this spectral information can be used to identify or quantify materials like curcumin 
in turmeric [41]. 
Each turmeric rhizome pixel reflects light differently at each wavelength. These reflectance values, 
when plotted across the spectral range (e.g., 388.9 nm – 1026.0 nm), form the spectral signature. 
Variations in this signature indicate chemical or structural differences, such as varying curcumin 
concentrations. 
Let the hyperspectral cube be denoted as: 

𝐻(𝑥, 𝑦, 𝜆) ∈ ℝ!×#×$ 
Where: 
    x,,y are spatial coordinates (rows and columns), 
    λ denotes the wavelength index (1 to BB, e.g., 200+ bands), 
    H(x,y,λ) is the reflectance value at position (x,y) and band λ.  
 
Region of Interest (ROI): 
To extract meaningful data, we define a Region of Interest (ROI) — a manually selected area on the 
turmeric rhizome image known to contain curcumin. 
Let RR be the set of all pixels in the ROI. 
The average spectral signature 𝑠(𝜆) over a ROI is: 

𝑠(𝜆) =
1
|𝑅| / 𝐻

(&,()∈+

(𝑥, 𝑦, 𝜆) 

This averages the reflectance across all pixels in the ROI for each band λ, producing a 1D vector of 
length B — the mean spectral signature. 

Preprocessing: 
Raw spectra were smoothed using Savitzky-Golay filtering and normalized using standard score 
normalization (Z-score): 

1. Smoothing: 
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     Apply Savitzky-Golay filter to smooth spectral curves:     
    ssmooth(λ)=SG_filter(s(λ)) 

2. Normalization (Z-Score): 

𝑠,-./(𝜆) =
𝑠(𝜆) − 𝜇

𝜎  

     where: 
         μ: mean of spectral signature 
         σ: standard deviation 
This makes spectra comparable across samples, focusing analysis on shape rather than magnitude [33]. 

Band Selection Methods: 
Mutual Information (MI): 
Mutual Information between each band 𝜆0 and the label 𝑦 (curcumin concentration) was computed: 

𝑀𝐼(𝜆0 , 𝑦) =/𝑝
1!,(

(𝜆0 , 𝑦)log 9
𝑝(𝜆0 , 𝑦)
𝑝(𝜆0)𝑝(𝑦)

: 

Optionally, Normalized Mutual Information (NMI) is computed as [63]: 

𝑁𝑀𝐼(𝜆0 , 𝑦) =
2 ⋅ 𝑀𝐼(𝜆0 , 𝑦)
𝐻(𝜆0) + 𝐻(𝑦)

 

Successive Projections Algorithm (SPA): 
SPA selects bands iteratively: 

𝜆2 = argmax
3
∥∥(𝐼 − 𝑃4"#$)𝑠3∥∥5 

where 𝑃4"#$ is the projection matrix from previously selected vectors. 
Hybrid Ranking Score: 

𝐻(𝜆0) = 𝛼 ⋅ NMI(𝜆0 , 𝑦) + 𝛽 ⋅ (1 − 𝑅(𝜆0 , Λ267)) 
Results and Discussion: 

Selected bands (e.g., 425, 512, 620, 730, 890 nm) align with known curcuminoid absorption peaks. 
These improved prediction accuracy with 3D-CNN models trained on reduced spectral inputs. 
To better understand the contribution of different band selection strategies, three approaches were 
compared: 

• Top MI Bands (Blue): [8, 9, 39, 32, 33, 34, 69, 35, 70, 36] — These are concentrated in the 
lower spectral range (~400–500 nm), suggesting strong direct correlation with curcumin 
content. The inclusion of 425 nm band confirms MI's ability to identify chemically relevant 
features. 
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• Hybrid Bands (Green): [9, 198, 44, 75, 41, 81, 8, 76, 43, 79] — This method selects bands 

spanning across the entire spectral domain. It balances mutual information (relevance) and 
inter-band decorrelation (redundancy reduction). It also includes band 425 nm, aligning with 
HPLC-based findings, indicating that hybrid ranking effectively captures both relevance and 
diversity. 

   
  Hybrid Score-Based Band Ranking and Selection. 
• SPA Bands (Red): [1, 69, 21, 60, 216, 268, 0, 2, 59, 65] — These bands are selected based on 

minimizing collinearity [3]. The strategy ensures model robustness in cases where 
multicollinearity can adversely affect prediction performance, though it may not always select 
the most chemically interpretable wavelengths. 

   
  SPA Selected Bands across full spectrum. 
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Comparison of MI, SPA, and Hybrid Selected Bands. 

From these, the hybrid selection method is favored as it preserves both physical interpretability and 
model robustness [23]. Final models trained on hybrid-selected bands achieved high performance, 
demonstrating an optimal trade-off between band importance and diversity. 

 
Figure 1: Average spectral signature of turmeric samples with highlighted selected bands 
Plots the mean reflectance values across all spectral bands (388.9 nm to 1026.0 nm) for selected regions 
of turmeric rhizomes [42]. The x-axis represents the wavelengths in nanometers (nm), while the y-axis 
shows the normalized reflectance intensity. 
The curve represents the spectral fingerprint of turmeric rhizomes. 
Specific peaks and troughs in the curve correspond to absorption and reflection characteristics of 
curcuminoids [66]. 
The highlighted vertical lines (e.g., at 425 nm, 512 nm, etc.) indicate bands selected via different 
algorithms such as Mutual Information (MI), SPA, and Hybrid Ranking. 
These bands are emphasized because they carry high information value or low redundancy, and are 
critical for predicting curcumin content. 
Significance: 
This visualization confirms that selected bands lie at chemically meaningful regions, such as the 425 
nm peak associated with curcumin absorption, thereby justifying their inclusion in the predictive 
model. 
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Figure 2: Mutual information curve vs wavelength 
Plot illustrates the mutual information (MI) between each spectral band and the ground truth curcumin 
concentration [63]. 
The x-axis represents the wavelengths, and the y-axis is the MI score. 
Higher MI values indicate stronger statistical dependence between reflectance at that wavelength and 
curcumin concentration [18]. 
Peaks in this curve (e.g., at 425 nm) highlight bands that contribute most to predictive accuracy [3]. 
Significance: 
The figure helps quantitatively justify band selection, showing why certain bands were chosen (i.e., 
they offer the most useful signal for curcumin prediction) [53]. 
 

    
Figure 3: shows the Root Mean Squared Error (RMSE) on the validation dataset for models trained 
with varying numbers of selected bands [68]. 

• The x-axis shows the number of bands used, and the y-axis is the validation RMSE. 
• The curve generally decreases as more bands are added, reaching a plateau or minimum at an 

optimal subset size (e.g., 10–12 bands). 
• Beyond a certain point, adding more bands does not reduce RMSE significantly and may even 

increase it due to overfitting or noise. 
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Significance: 
This figure demonstrates the trade-off between model simplicity and performance, helping justify the 
final selection of bands (e.g., top 10 from Hybrid Ranking). 
 

 
 
 
Figure 4: 3D-CNN Model Architecture: Spectral input 𝐵 × 𝐻 ×𝑊, Convolutional layers, and dense 
output for ppm 
Schematic shows the architecture of the 3D Convolutional Neural Network used for predicting 
curcumin concentration. 
Input Layer: A 3D spectral-spatial cube, B×H×WB \times H \times WB×H×W, where BBB = 
number of selected spectral bands, H×WH \times WH×W = spatial window (e.g., 20×20 pixels). 
3D Convolutional Layers: Learn local patterns along both spatial and spectral dimensions. 
Filters extract hierarchical features capturing spectral variation across space. 
Pooling Layers: Reduce dimensionality and control overfitting. 
Dense Layers: Fully connected layers translate learned features into final prediction. 
Output Layer: A single neuron with linear activation gives predicted curcumin concentration in 
ppm. 
Significance: 
This figure encapsulates the end-to-end learning pipeline, showcasing how the selected bands serve 
as input to a compact and effective deep learning model for real-time prediction. 
Conclusion: 

This work demonstrates that informed band selection substantially enhances hyperspectral model 
performance and computational efficiency for curcumin prediction [42]. Among the three techniques 
studied—MI, SPA, and a hybrid ranking method—the hybrid approach proved most effective in 
selecting informative and diverse bands. Its consistent inclusion of the HPLC-validated 425 nm band 
underscores its chemical relevance. This enables more efficient training and better generalization in 



Frontiers in Health Informatics 
ISSN-Online: 2676-7104 
2024; Vol 13: Issue 3 

 www.healthinformaticsjournal.com 

Open Access 

 
 
 
 
 
 
 
 
 

11493 
 
 
 

3D-CNN models for real-time curcumin estimation in turmeric rhizomes [71]. These results enable 
faster training and better generalization of 3D-CNN models used in real-time curcumin analysis. 
Appendix A 
• S1 : Salem Naatu Turmeric 
• P2 : Black Turmeric Rhizome / Kari Manjal (Curcuma aeruginosa) 
• P3 : Yellow Turmeric | Yellow Kasthurimanjal Rhizome (Curcuma longa)  
• P1 : Kasturi Manjal / Wild Turmeric Rhizome (Curcuma Aromatica) 
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