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Abstract 

Reference materials are used in diffuse reflectance imaging for transforming the digitized camera 

signal into reflectance and absorbance units for subsequent interpretation. Traditional white and 

dark reference signals are generally used for calculating reflectance or absorbance, but these can be 

supplemented with additional reflectance targets to improve the accuracy of reflectance 

transformations. In this work we provide an overview of hyperspectral image regression and assess 

the effects of reflectance calibration on hyperspectral image regression using partial least squares. 

Linear and quadratic reflectance transformations based on additional reflectance targets decrease 

average measurement errors and make it easier to estimate model pseudorank during image 

regression. The lowest measurement and prediction errors were obtained with the column and 

wavelength specific quadratic transformations which retained the spatial information provided by 

the line-scanning instrument and reduced errors in predicted concentration maps.  

Keywords: hyperspectral imaging, reflectance calibration, prediction, partial least squares, textile 

analysis, pseudorank   
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1. Introduction 

Hyperspectral imaging combines the spatial information of an image with the chemical information 

of a spectrum and is finding more and more applications in various fields of research and process 

monitoring. Hyperspectral images are three-way datasets, where two ways or modes represent the 

spatial attributes of an image and the third one the spectral variables. Each pixel thus contains a 

spectrum which has been generated by the interaction of incident light with the approximate pixel 

area of the sample. The pixel spectra represent a type of chemical fingerprints, which can be used 

for e.g. classifying different areas of an image or for determining the spatial differences in analyte 

concentrations through hyperspectral image regression. Although hyperspectral imaging was 

originally developed within the remote sensing community [1, 2], it has spread rapidly to 

agriculture [3], pharmaceuticals [4], medical diagnostics [5], textiles [6] and materials science in 

general [7]. 

Hyperspectral imaging in the near infrared (NIR) region is based on measuring diffuse reflectance 

or transmission of polychromatic light. Chemometric interpretation of NIR spectra is however 

usually based on absorbance units to conform with the Beer-Lambert law that enables determining 

analyte concentrations based on the absorbance of light [8, 9]. In diffuse reflectance imaging a 

sample is illuminated and the reflected light is measured by the camera detector. Transformation of 

the digitized raw image requires the use of at least one reference material for translating the camera 

signal into reflectance and absorbance units. A common alternative, recommended by most 

manufacturers, is to use a Spectralon white reference for measuring maximum reflectance and a 

dark current reading that has been obtained by covering the camera objective or using a shutter in 

front of the detector. Sample reflectance is then calculated as a portion of the maximum reflectance 

after the background dark current has been subtracted. Although this transformation is generally 

called one-point calibration, it is mathematically a two-point linear calibration procedure based on 
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measured extreme values and provides no indication of potential non-linearities over the dynamic 

range of the instrument [10, 11]. 

The quality of hyperspectral imaging data is becoming increasingly important as the user 

community expands and the availability of images increases [12]. Results from image interpretation 

through chemometric classification and calibration models are also valid only as long as the sample, 

instrument and measurement environment remain stable [13]. Signal transformation and instrument 

drift issues can be reduced by using reference materials or targets in image calibration in the 

intensity, wavelength and spatial domains [14-16]. Previously Burger contributed significantly to 

the development of calibration procedures for hyperspectral NIR images through work included in 

his doctoral thesis published in 2006 [13]. As an example, the author discussed available reflectance 

and wavelength standards and developed procedures for image calibration [10] and diagnostics 

[17]. He used internal and external reflectance targets for image calibration and applied different 

transformation functions in the intensity domain to improve the quality of imaging data. A central 

question however remains unanswered; how does reflectance calibration affect the interpretation of 

hyperspectral images? This work attempts to answer that question in the context of hyperspectral 

image regression. 

Here, we provide an overview of the principles of hyperspectral image regression and have 

followed the procedure adopted by Burger and Geladi [10] for transforming the detector signal into 

reflectance units using calibrated reflectance targets. In addition to the accuracy of different 

transforms, we determined the effect of reflectance calibration on image interpretation based on 

partial least squares (PLS) regression. An example image dataset was compiled from custom-made 

textile samples which were prepared using different ratios of cotton and polyester (PET) and 

subsequently imaged using a line-scanning instrument. The use of hyperspectral NIR cameras is a 

timely topic in textile analysis as it allows developing methods to classify or predict the properties 

of textiles for sorting [18] and finishing operations [19]. Overall, this work aims to continue the 
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work on image calibration for improving the quality of hyperspectral imaging data and will help to 

clarify the effects of reflectance calibration on interpretation through hyperspectral image 

regression. 

2. Materials and methods 

2.1 Sample preparation  

Textile samples were prepared for the imaging procedure by mixing cotton and PET strands and 

producing single jersey knits with horizontal stripes that contained different cotton and PET 

contents. Two separate samples with approximate dimensions of 80 × 70 mm were produced for 

use as calibration and test sets. The calibration sample contained five approximately 10 mm stripes 

with 0%, 26.9%, 53.8%, 80.7% and 100% of PET on mass basis. The test sample contained three 

approximately 20 mm stripes with 0%, 53.8% and 100% of PET.  

For the preparation of the textile samples, PET fibers with a fiber length of 38 mm (Indorama 

Corp.) were first carded with a carding machine (337A, Mesdan Lab) to obtain a sliver. The sliver 

was further elongated with a draw frame (Stiro Roving Lab 3371, Mesdan Lab) and formed into a 

false-twisted roving. The PET roving was ring spun (Ring Lab 82BA, SER.MA.TES Srl) into a 

strand which was mixed with a cotton strand (700 tpm, Gebrueder Otto GmbH & Co.) to form the 

final yarn.  

A total of four strands were used, which provided five different cotton and PET combinations 

including the pure components. The linear densities of the cotton and PET strands were measured 

with wrap reel (160 M, Mesdan Lab) and were 21.1 and 22.7 tex for cotton and PET, respectively. 

In general, tex is an SI-unit for the linear density (g 1000 m-1) of strands and enabled calculating the 

exact composition of different strand mixtures on a mass basis. The final samples were then 
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prepared from the yarns of different strand combinations using a computer-programmed weft 

knitting machine (Stoll CMS ADF 32W E7.3 multigauge).  

2.2 Hyperspectral imaging 

The hyperspectral images were taken with a Specim SWIR 3 (Specim, Spectral Imaging, Ltd) 

hyperspectral camera [21]. The instrument was equipped with a 30 mm OLES lens provided by 

Specim (Spectral Imaging, Ltd) with a field of view of 54 mm. The textile samples were imaged 

through quartz glass to minimize wrinkles and random light scattering. The camera operated in line-

scanning mode where a line of 384 pixels was continuously recorded within 935-2550 nm with a 

nominal spatial resolution of 0.14 mm per pixel. Two rows of quartz halogen lamps generated 

polychromatic light and the reflected wavelengths were separated by grating-prism monochromator 

followed by a HgCdTe detector array. Spectral sampling was every 5.6 nm which provided a total 

of 288 spectral variables with a reported spectral resolution of 12 nm (full width half maximum). 

The integration time was adjusted to approximately 2.8 ms so that the maximum white reference 

signal was lower than 90% of the maximum 16-bit signal output. A total of 25 dark reference 

images were taken with each sample image. In addition, images of 2, 25, 50, 75 and 99% 

reflectance targets, which contained a decreasing amount of carbon black on a white Teflon base 

material, were also obtained. The reflectance targets were externally calibrated by Labsphere 

(Labsphere, Inc.) in an 8°/hemispherical setup within 250-2500 nm using a 50 nm interval. 

Individual images of each target were measured before the actual textile samples. The 50% target 

was imaged twice and was also used as a test set for testing the used reflectance transformations. 

2.3 Image calibration and transformation 

Regions of interest (ROIs) of 25 × 384 pixels were selected from the center of the reflectance 

targets for reflectance calibration. These spatial dimensions were chosen to enable a fair 

comparison with the common approach where 25 white and dark reference images are obtained for 
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two-point calibration with this instrument. In addition, a ROI of 384 × 384 pixels was selected from 

the second image of the 50% target used as a reflectance test set. After segmentation, the raw target 

ROIs were median filtered with a moving window of 3 x 3 pixels to remove the effect of dead 

pixels in the camera detector. The “true” reflectance values of the targets were interpolated with a 

second order polynomial to obtain the necessary reference values that matched the wavelengths 

sampled by the hyperspectral camera, see Fig. A.1. Wavelengths outside 1000-2500 nm were 

excluded to remove unnecessary noise on extreme wavelengths. As illustrated in Fig. 1, two classes 

of signal transformations were determined for the 50% reflectance test set and the sample images. 

The global calibration models used wavelength dependent global mean values of the reference and 

target values and thus neglected the spatial dependencies of the camera detector. The column-wise 

models on the other hand enabled a position and wavelength dependent correction of image pixels 

separately for each image column, which preserved the spatial information provided by the 

instrument.    

 

Fig. 1: Two classes of signal transformations were used in hyperspectral image calibration and 

transformation. 
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Three different mathematical signal transformations were considered for both the global and 

column-wise model classes. The two-point linear transformations were based on the white and dark 

reference signals typically used in hyperspectral imaging according to Eq. (1) [10, 14]: 

𝑟 = (𝑠 − 𝑑𝑟) ∙ (𝑤𝑟 − 𝑑𝑟)−1       (1) 

where r and s denote the wavelength specific unitless reflectance and raw signal values for each 

pixel and the dr and wr the respective dark and white reference signals. We deliberately avoid the 

use of symbol subscripts here for describing spatial and wavelength dependencies. A normalized 

version of the 99% reflectance target image was used as the white reference signal for all two-point 

transformations to eliminate the effect of different reference materials.  

In addition, image ROIs of the 2, 25, 50, 75 and 99% reflectance targets with true calibrated values 

were used for obtaining more accurate reflectance transforms. This procedure involved fitting least 

squares regression models to the true reflectance versus measured average raw signal values for the 

used reflectance targets and then using the regression coefficients for transforming the 50% 

reflectance test set and the sample images. Two different regression models were considered. The 

models enabled a linear and a quadratic transformation to reflectance units according to Eqs. (2) 

and (3), respectively: 

𝑟 = 𝑏0 + 𝑏1 ∙ 𝑠        (2) 

𝑟 = 𝑏0 + 𝑏1 ∙ 𝑠 + 𝑏11 ∙ 𝑠2       (3) 

where b0, b1 and b11 describe the regression coefficients. The coefficients were obtained separately 

for each wavelength variable and for each image column for the column-wise transformations. No 

dark current subtraction was performed for the linear and quadratic transformations as this offset 

was included in the b0 coefficient in Eqs. (2) and (3). Finally, the obtained reflectance images were 

converted to absorbance according to Eq. (4): 
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𝐴 = −𝑙𝑜𝑔10(𝑟)        (4) 

where r describes the unitless reflectance values and A the respective absorbance values in arbitrary 

units.  

2.4 Hyperspectral image regression 

Hyperspectral image regression enables predicting analyte concentrations in individual image pixels 

based on a multivariate calibration model [22, 23]. This calibration procedure involves regressing 

typically externally determined or otherwise known sample properties on image spectra and should 

not be confused with the previously discussed image calibration against reflectance targets. The 

regression model equation in Eq. (5) illustrates the general relationship between analyte 

concentrations and a matrix of spectral objects: 

𝐲 = 𝐗𝐛 + 𝐞         (5) 

where y denotes a 𝑛 × 1 vector of mean centered analyte concentrations, X a 𝑛 × 𝑚 matrix of n 

mean centered calibration spectra on m wavelengths, b a 𝑚 × 1 vector of regression model 

coefficients and e a 𝑛 × 1 vector of model residuals. As hyperspectral images contain significantly 

more pixel objects than wavelength variables, the X matrix typically consists of average spectra 

calculated from a set of calibration images. The determination of these average spectra is best 

performed after the three-way datasets have been reorganized into two-way arrays using an image 

unfolding operation that combines the spatial pixel modes. As illustrated in Fig. 2, this unfolding is 

generally performed by extracting slabs of image pixels in the column direction (Fig. 2A) and 

unfolding the slabs to form a section of the unfolded two-way array (Fig. 2B). 
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Fig. 2: Unfolding of a three-way image hypercube (A) into a two-way array (B). 

Once the unfolding has been performed, the calculation of one or several average spectra is 

straightforward. The objective of multivariate calibration is to obtain a robust estimate of the model 

vector b in Eq. (5) which can then be used for predicting analyte concentrations in the individual 

image pixels according to Eq. (6): 

�̂� = 𝐙𝐛         (6) 

where �̂� denotes a 𝑘 × 1 vector of predicted pixel concentrations, Z a 𝑘 × m complete array of k 

unfolded image spectra on m wavelengths and b the regression vector from Eq. (5). The wavelength 

averages from mean centering X in Eq. (5) are used for mean centering Z. The mean of the original 

y values also needs to be added to �̂� and the predicted values can then be refolded back to the 

original image dimensions as a form of a concentration map.  

There are several different ways to determine the model vector b, which will not be discussed here 

for brevity. In this this work we used the PLS1 method based on the SIMPLS algorithm included in 

PLS Toolbox (Version 8.7, Eigenvector Research, Inc.) for Matlab® (Version 9.5, The MathWorks, 

Inc.) for predicting the PET contents of the textiles on a mass basis. PLS is the most common 

method for multivariate and image regression and takes into consideration the covariance structures 

of both the y and X blocks in Eq. (5). The interested reader should refer to the published literature 
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for details on PLS, e.g. [24-26]. We extracted a total of 40 average spectra from the calibration 

sample with five different PET contents for model calibration. Eight spectra were calculated from 

each of the five chemically different areas in the sample based on equivalent ROIs of 50 × 384 

pixels. In addition, a test set of 24 average spectra were extracted from the test sample with three 

100 × 384 pixel ROIs using eight average spectra per each ROI. Raw signal images of the textile 

samples with the different ROIs used for extracting the calibration and test set spectra are illustrated 

in Fig. 3. 

 

Fig. 3: Gray scale raw signal images of the calibration (A) and test (B) samples showing the 

selected ROIs and respective PET contents on a mass basis. The images were plotted based on the 

raw signal values on 1603 nm. The axes denote pixel dimensions.  

PLS model performance was evaluated based on the root mean squared errors (RMSE) of 

calibration (RMSEC) and prediction of the test set (RMSEP) as shown in Eq. (7): 

 𝑅𝑀𝑆𝐸 =  √
∑ (𝑦𝑖−�̂�𝑖)2𝑗

𝑖=1

𝑗
    (7) 

where j denotes the number of calibration or prediction objects. In addition, a RMSE parameter 

specifically derived from the predicted test set pixels, RMSEPIm, was determined. RMSEPIm was 
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derived as in Eq. (7) by pooling the squared residuals of predicted pixel values and the known PET 

contents across the three test sample ROIs. Data analysis was performed using in-house Matlab® 

scripts, image segmentation was performed in Breeze (Version 2019.02, Prediktera AB) and the 

data were plotted in OriginPro (Version 9.6.0.172, Originlab Corp.).   

3. Results and discussion 

3.1 Image calibration and transformation 

Reflectance transformations enable translating the raw camera signal into reflectance units. The 

accuracy of these transforms depends on the used transformation function and the number and 

range of the available reference or target signals. The typical two-point linear transformations based 

on white and dark references cover the entire signal range, but fail to consider potential non-

linearities in signal intensity [10, 16]. Using several reflectance targets helps to counteract this 

issue. In addition, targets spread across the range of imaged samples help to minimize potential 

instability issues with the instrument during the imaging procedure. Fig. 4A illustrates the average 

normalized white reference, example dark current, and the reflectance target signals in the middle 

of the imaging plane. The average across the entire wavelength range are given in Fig. A.2. As 

shown in Fig. 4A, we found only small deviations from linearity over the dynamic range of the 

instrument, which mainly became visible with increasing signal intensity towards the centre of the 

wavelength range. 

In addition to the two-point linear transformation, we fitted first and second order regression models 

to the true measured values of the 2, 25, 50, 75 and 99% reflectance targets and used the model 

coefficients to transform the camera signal into reflectance and absorbance. These models were 

determined separately for each wavelength and image ROI column, except for the global 

transformations, which used wavelength specific mean values of the reference and target signals. 

The second image obtained of the 50% reflectance target was then used as a test set for the 
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determined transformations. Fig. 4B illustrates the reflectance spectra of a random test set pixel 

based on the different transformations. In addition, the true measured and interpolated values are 

given. The two classes of global and column-wise transformations showed clear differences in the 

reflectance values across the entire wavelength range. In addition, the global transformations led to 

significantly more noise especially towards the extremes of the wavelength range. The column-wise 

transformations considered the spatial dependency of the raw signal and resulted in significantly 

cleaner spectra. There was also a clear separation in magnitude between the two-point and the linear 

and quadratic column-wise transformations. Using the additional reflectance targets clearly 

improved the accuracy of the transformations within the wavelength range as could be expected.      

 

Fig. 4: Average raw signal values of the normalized white and example dark references and the 

reflectance targets in the middle of the imaging plane (A) and the reflectance spectra of a random 

test set pixel based on the determined reflectance transforms (B). The dashed lines in (A) illustrate a 

linear fit based on the normalized white reference and example dark current signals and in (B) the 

“true” measured and interpolated values of the 50% reflectance target. 
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The effects of the column-wise transformations on the 50% test set ROI at 1603 nm are illustrated 

in Fig. 5. Results from the respective global transformations are provided in Fig. A.3 for brevity. 

Differences in the reflectance values of the individual image columns resulting from the class of 

global transformations could still be seen in Fig. A.2, which however disappeared with column-

wise transformations (Fig. 5). As shown in Fig. 5, no clear spatial segregation was visible in the 

different column-wise transformations, however, the use of the linear and quadratic transformations 

decreased the differences between the 50% test set and true measured values at 1603 nm. Fig. 5 also 

shows the spatial differences that were observed from the reflectance target images. In general, the 

effects of these spatial heterogeneities can be reduced by defocusing the images from the parts 

where the targets are situated [13]. In our case this was achieved by ensuring that there was a 

difference between the surface of the sample holder and the reflectance target in the focal plane.   

 

Fig. 5: The column-wise two-point (A), linear (B) and quadratic (C) transformations applied on the 

50% test set image on 1603 nm (above) and the respective pixel histograms (below). The blue 

vertical lines in the histograms illustrate the average values across the 1603 nm image plane and the 

dashed red lines the respective “true” measured reflectance values.   



 

 15 

Bias and RMSE values of the reflectance test set are shown in Table 1. The parameters were 

determined by comparing with the wavelength-specific true reflectance values across all image 

pixels and wavelengths. Based on the results, the linear and quadratic transformations showed 

slightly higher negative bias compared with the two-point transformation in both classes and thus 

consistently resulted in lower reflectance than the true measured values. The class of global 

transformations however resulted in high RMSE values due to the variation in the reflectance 

spectra (Fig. 5 and Fig. A.2). The class of column-wise transformations significantly decreased the 

RMSE values based on the test set image. These trends can also be seen in Fig. 4B, where the 

variation in the pixel reflectance values decreased through the use of the column-wise 

transformations and the use of additional reflectance targets. Although the column-wise quadratic 

transformation led to slightly higher bias than the respective linear alternative, it showed the lowest 

RMSE (Table 1). This indicated that the column-wise quadratic transformation generated the lowest 

average measurement errors compared with the true measured values of the 50% reflectance test 

set. Previously Burger and Geladi [10] reported slightly lower bias values for the quadratic 

transformations using a staring imager on a 75% reflectance target within 1100-1600 nm.       

Table 1: Bias and RMSE values determined by comparing the 50% reflectance test set and the 

respective true reflectance values within 1000-2500 nm.  

Class Global Column-wise 

Transformation Two-

point 

Linear Quadratic Two-

point 

Linear Quadratic 

Bias (% 

reflectance) 

0.45 -0.82 -0.92 0.41 -0.84 -0.93 

RMSE (% 

reflectance) 

7.24 7.15 7.16 2.01 1.66 1.62 
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3.2 Image regression 

After the 50% reflectance test set, the different reflectance transformations were applied to the raw 

signal images obtained from the prepared textile samples. The sample images were then converted 

to absorbance and eight average spectra were calculated from each ROI representing the chemically 

different areas in the calibration and test samples (Fig. 3). This translated to averaging across 2400 

and 4800 pixel spectra and 48 image columns per each calibration and test spectrum, respectively. 

Example average spectra from the calibration sample ROI with 100% PET are illustrated in Fig. 6. 

The results showed that the main differences within the average spectra were due to the two 

different classes of reflectance transformations. As illustrated in Fig. 6A, the column-wise quadratic 

reflectance transformation led to significantly cleaner absorbance spectra than the respective global 

alternative, which also showed significant variation within the different average spectra. As 

previously discussed, the global transformations used the wavelength specific global mean values of 

the white and dark references and the reflectance targets and neglected the respective spatial 

dependencies. Only small differences were seen between the column-wise two-point and quadratic 

reflectance transformations (Fig. 6B). 

 

Fig. 6: Average calibration spectra for 100% PET based on the global and column-wise quadratic 

(A) and column-wise two-point and quadratic (B) transformations.  
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The known PET contents of the image ROIs were then regressed against average calibration spectra 

obtained from the different reflectance transformations using PLS. The determined calibration and 

prediction diagnostics are illustrated in Fig. 7. Before calibration, the average spectra were 

preprocessed using standard normal variate (SNV) transformation and mean centering. Spectral 

preprocessing is generally performed to remove unwanted measurement effects due to e.g. light 

scattering and to highlight differences in sample spectra for subsequent interpretation and is normal 

procedure in classical spectroscopy and spectral image analysis [27, 28]. However, preprocessing 

affects the calibration results. SNV transformation is a row-wise centering and scaling operation 

[29] that attempts to correct for scattering and sample illumination and is computationally fast 

especially when the same preprocessing procedure is to be applied to the individual pixel spectra of 

the sample images. As the objective of this work is to discuss the effect of reflectance 

transformations on image interpretation, we will limit the following discussion on SNV transformed 

and mean centered spectra.  

 

Fig. 7: Calibration (A) and prediction errors based on extracted average spectra (B) and entire pixel 

distributions (C) as a function of PLS latent variables for the different reflectance transforms. 

Spectral preprocessing was based on SNV transformation and mean centering. 
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Calibration and prediction errors are often used as a tool to evaluate the correct number of latent 

variables and the pseudorank of a PLS model. The aim is to use as few latent variables as possible 

to maintain model robustness and simplicity while ruling out noise as overfitting generally leads to 

increased prediction errors. One way to estimate pseudorank is to look for shoulders or minima in 

average prediction errors expressed as RMSEP as a function of the number of latent variables. 

Based on the results, there was a clear difference in RMSEP between the two classes of reflectance 

transformations. As illustrated in Fig. 7B, the class of global reflectance transformations led to 

higher prediction errors based on extracted average spectra and did not show a minimum in RMSEP 

until seven latent variables were used.  The required number of latent variables decreased with the 

use of column-wise reflectance transformations, which showed a minimum RMSEP with three or 

four latent variables. The column-wise two-point transformation suggested that 2-4 latent variables 

seemed appropriate with a minimum RMSEP of 1.79% PET with 4 latent variables. The clearest 

distinction in minimum RMSEP were however obtained with the column-wise linear and quadratic 

transformations, which led to minimum RMSEP’s of 1.76% and 1.60% PET, respectively, with 

three latent variables. These results suggested that the use of additional reflectance targets improved 

the estimation of model pseudorank and decreased average prediction errors based on extracted 

average spectra.  

Using calibration or prediction errors based on extracted average spectra is however slightly 

misleading in image regression as the spectra represent averages of image segments and not entire 

populations of individual pixel spectra. Gowen et al. [30] proposed the use of RMSEPIm to take into 

account the prediction residuals of individual image pixels. The authors showed that RMSEPIm 

enabled accurate pseudorank estimation from simulated images [30]. As illustrated by our results in 

Fig. 7C, RMSEPIm based on the global reflectance transformations showed a sharp increase after 

three latent variables, which indicated that choosing 7 latent variables based extracted average 

spectra and RMSEP (Fig. 7B) would in fact result in overfitting and unstable test set pixel 



 

 19 

predictions. The lowest prediction errors were obtained with the column-wise reflectance 

transformations using 4 latent variables (Fig. 7C).  Although the differences in RMSEPIm within the 

class of column-wise transformations were small, the lowest average errors in predicting individual 

image pixels were obtained with the quadratic reflectance transformation (8.93% PET) followed by 

the two-point (9.01% PET) and linear alternatives (9.16% PET).  

The class of global reflectance transformations is generally not required if the references or 

reflectance targets cover the entire camera field of view or selected image scene. In other cases, 

however, the spatial dependencies between the target and sample segments are lost. Hyperspectral 

images obtained with a line-scanning instrument are generally constructed by scanning a row of 

pixels in the vertical column direction. The different reflectance transformations thus decrease 

measurement uncertainties and variation in raw signal intensity within the different image columns 

if the sample illumination and measurement conditions remain the same. Based on our results, the 

class of global reflectance transformations led to significantly higher average measurement errors 

based on the 50% reflectance test set. After converting the measured sample images into 

absorbance, the global transformations also decreased the quality of extracted average spectra, 

made it more difficult to reliable estimate PLS model pseudorank and led to higher average 

prediction errors based on extracted average spectra and individual test set pixels. These results are 

important as a convenient alternative in using additional reflectance targets is to place them 

internally within each sample image covering only part of the entire image scene. As illustrated by 

our findings, however, care needs to be taken to retain the spatial dependencies between the sample 

and reflectance target image columns to avoid decreasing image quality and the reliability of image 

interpretation. 

Finally, the predicted PET contents in the test sample image based on the different column-wise 

transformations are illustrated in Fig. 8. The pixel-wise predictions were based on a PLS model 

with four latent variables as suggested by the global minimum in determined RMSEPIm (Fig. 7C). 
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As shown in Fig. 8, it was difficult to separate the differences between the reflectance 

transformations based on the predicted concentration maps or respective histograms. However, for 

creating a more definitive comparison, we used the predicted pixel distributions based on 

previously defined test sample ROIs shown in Fig. 3B. Analyses of variance based on the ROIs 

showed that there was a statistically significant difference (p-values < 0.001) within the average 

predicted PET contents across all three ROIs (Table A.1). In all three cases, the difference between 

the average predicted and known PET contents decreased with the use of the additional reflectance 

targets. The closest agreement with the average predicted and known PET contents across all ROIs 

were obtained with the quadratic reflectance transformation (Table A.1). These results suggested 

that, although it was difficult to separate the effects of the different column-wise transformations 

based on the predicted concentration maps, the linear and quadratic transformations had an effect on 

the predicted pixel values and reduced average errors in the predicted concentration maps.   

 

Fig. 8: Predicted PET concentrations (%, mass basis) in the textile test sample based on the column-

wise two-point (A), linear (B) and quadratic (C) reflectance transformations followed and 

hyperspectral image regression. The PLS calibration model was based on SNV transformed and 

mean centered spectra with four latent variables. Some outlier pixels are not shown in the 

histograms. 



 

 21 

Conclusions 

Reflectance transformations govern the precision with which raw hyperspectral images are 

converted into reflectance in the intensity domain. For a line-scanning instrument, these 

transformations are best determined by considering the wavelength and column-wise specific 

spatial dependencies between the sample and target segments. Otherwise the spatial correlation 

between the segments is lost and only wavelength specific global mean values of the target signals 

have to be used. In this work we shown that the class of column-wise transformations, which were 

determined based on a series of externally calibrated reflectance targets, generated significantly 

cleaner spectra based on the 50% reflectance test set. The column-wise linear and quadratic 

transformations also decreased average measurement errors to 1.62-1.66% reflectance which was 

lower than the respective two-point alternative (2.01% reflectance). During image interpretation 

based on PLS regression, the use of additional reflectance targets also made it easier to estimate 

model pseudorank and improved average prediction errors based on extracted average spectra and 

individual test image pixels. Comparing defined segments of the predicted concentration maps also 

showed that the column-wise quadratic transformation provided the closest agreement between 

average predicted and known PET contents in the test sample image. Based on these results, we 

recommend the use of additional reflectance targets for decreasing measurement uncertainties and 

improving image interpretation and the predicted concentration maps.  
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