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Research Title: Evaluation of main composition of honey by near infrared spectroscopy

Researcher: Panmanas Sirisomboon

ABSTRACT

This research aimed to use near infrared spectroscopy (NIRS) (1100-2500 nm) in prediction of the honey
composition and in identification of honey authenticity. The reference laboratory used high performance liquid
chromatography (HPLC) to measure frugtose, glucose, and sucrose of honey and digital refractometer to measure
moisture content. NIRS was used to obtain NIR spectrum of major composition of honey. Before developing of
calibration set, principal component analysis (PCA) was used to detect outlier spectrum. Partial least square
regression (PLSR) was used to develop calibration model using raw spectrum or pre-treated spectrum by first and
second derivative (Savigky-Goley alqorithm with segment 10 and 20 nm, second polynomial; full multiplicative
scatter correction (MSC) and standard normal variance (SNV). To predict frugtose the model developed from
spectra of first derivative with segment of 20 nm prediction correlation coefficient (r) of 0.851, standard error of
prediction ( SEP) of 7.69% and bias of 0.03%.To predict glucose, The model developed from first derivative with
segment of 20 nm spectra provided r of 0.87, SEP of 6.15% and bias of 0.48%.To predict sucrose, the model
developed from second derivative with segment of 20 nm provided r of 0.937, sep of 4.07% and bias of 0.29%. To
predict moisture content, the model developed from MSC spectra provided r of 0.979, SEP of 0.47 % and bias of
0.11%

For identification of honey authenticity, partial least square discriminant analysis (PLS-DA) and soft independent
modeling of class analogy (SIMCA) were used. PLS-DA showed better performance in classifying groups of real
honey and false honey than SIMCA. Model of real honey could self-predict with 92.3% correctness and other group-
predict with 100% correctness. Model of false honey could self-predict with 100% correctness and other group-

predict with 92.3% correctness. The percentage of overall correct classification was 95.8 %.
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