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1 Research Summary

A PLS calibrationmodel (R%,=0.922 and RMSEP=1.451%) was developedor
predicting soluble solids content (SSC) of bananito flesh using a handheld
MicroNIR spectrometerand then transferredto a desktophyperspectralmaging
(HSI). An optimal standardizatiormodel was built basedon piecewise direct
standardizationPDS) algorithm using spectraof ten transfer samplescollected
from both instrumentsWith standarchormalvariate(SNV) pretreatmentandPDS
standardizationthe establisheccalibration model was successfullytransferreadto
HSI for predicting SSC of an external validation set (R%=0.925 and
RMSEPA.5926). SSC prediction mapswas generatedoy applying the proposed
calibrationtransfermprocedurdo HSI datacubesn a pixel-wise manner
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3  Calibration Transfer Procedure
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Fig. 1 Flow chart of calibration transfer from Np®int to NIRHIS.

(1)Developmentof a PLS model based on the mean spectraof NIR-point
(2)Applying spectralpretreatmentsand standardizatiomrmethodson 10 transfer
mean spectra collected from both Instruments (3)Applying the optimal
standardizatiormethodto slave spectraof 15 validation samples (4) The PLS
modelwastransferredo the meanspectrafor predictingSSC (5) The PLS model
was transferredto hyperspectrakcubesin a pixel-wise mannerto generateSSC
distributionmaps

4 Spectra and SSC in Three Datasets
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Fig. 2 Dataset variations. (a) NHpoint spectra (SNV praeated); (b) SSC values.

Datasetssplitting was carriedout on SNV pretreatedspectraof NIR-point using
KennardStonemethod To ensurethe succes®f calibrationtransfer,the calibration
set should cover all possiblevarianceamong samples On the other hand, the
validationandstandardizatioisetshouldbe independentrom the calibrationsetand
evenly distributedalong the calibration space As shownin Fig.2(a) and (b), the
spectraand SSCvariabilitiesin standardizatiorsetandvalidationsetwereincluded
In therangeof calibrationsamples

Calibration Validation Standardization

5 Spectra Pretreatments

Fig. 3 Selection of an optimal spectrafmeatment to reduce spectral differences between NIR
point (red spectra) and NiRSI (green spectra) of the 10 transfer samples.

The use of appropriatespectralpre-processingcan make calibration models
moretransferableln the study,severalpre-processingnethodswereappliedto
the spectraof 10 transfersamplesanalysedby both instruments Fig.3 shows
thatSNV pretreatmenteducedspectradifferencedrom 31.4%% to 8.96%.

6 PLS Calibration Model

Fig. 4 Development of a PLS calibration model for prediction of SSC of bananito flesh. (a)
Selection of the latent variable number (LV=4); (b) Plot of measured versus predicted SSC.

7 Comparison of Standardization Methods

IDS=direct standardizatioAP DS=piecewise direct standardization
SDWPDS=double window pieewise direct standardization

8 SSC Prediction Map

The developed PLS model was
applied to standardized spectra
derived from each single pixel in a
hyperspectraimageusingthe optimal
standardizationprocedure mentioned
above A prediction map was
generatedo show the distribution of
SSCon bananitoflesh (Fig.5(a)). As a
referencethe starchiodine testresult

Fig.5(a) SSC distribution map. wasshownin Fig.5(b).

Fig.5(b) The starciodine test result.

9 Conclusions

This study demonstratedhe potentialof transferringcalibrationmodelsbuilt on a
simple and easyavailable micro-spectrometerto a more expensive and
sophisticatedhyperspectralimaging system, when the distribution of quality
information is required Further studiesare (1)to involve more samplesin the
calibrationset, thus, calibrationmodel can include more datavariationsthat may
presentn a hyperspectraimage (2) to explorewavelengthselectionstrategieso
reducemodellingtime andto simplify the calibrationprocedure



