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Abstract. Conventional imaging practices used for the inspection and 
monitoring of biological specimens employ RGB cameras with limited 
capabilities for early identification of diseases or abnormalities. In this work, 
we demonstrate and validate a quick, non-destructive, and precise inspection 
method utilizing an in-house developed push broom ultra-spectral imager. 
Precise image classification based on ultra-spectral signatures can provide 
fully automated machine vision capabilities, reducing inspection time, human 
errors, and man-hours. The proposed method has high spectral resolution 
(Δλ < 1 nm) with 756 spectral bands, improved detection sensitivity, and high 
spatial resolution, which could potentially enable early-stage detection and 
accurate classification of abnormalities or diseases. Two potential applications 
of the developed system in agriculture and biomedical fields are 
demonstrated. © 2023 Journal of Biomedical Photonics & Engineering. 
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1 Introduction 

Automated detection of abnormalities and diseases is of 

utmost importance in modern agro-food and medical 

applications [1]. It has been reported that early detection 

of diseases reduces complications caused by human 

errors, delays, and inaccuracies [2]. Traditional 

techniques for inspecting and monitoring biological 

specimens are based on transmission, absorption, 

fluorescence, or electron microscopy, and have limited 

capabilities for automated disease identification at an 

early stage [3–8]. In general, these techniques only 

provide spatial information about the sample under study 

and are thus insufficient for automation. There are a few 

techniques that combine spectroscopy and imaging that 

can enable automated disease detection using imaging 

spectroscopes [4, 9, 10]. Imaging spectroscopes can 

provide information from multiple spectral bands and 

hence are excellent candidates for automated and early 

detection of diseases or abnormalities. Such imagers, also 

known as spectral imagers, are divided into three 

categories based on the number of spectral bands 

they can resolve: multispectral (a few spectral 

bands), hyperspectral (tens of spectral bands), 

and ultra-spectral (hundreds of spectral bands) [11, 12].  

 

 

Fig. 1 Schematic diagram of the pushbroom ultra-spectral 

imaging system developed. 
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These spectral imaging systems store images as 

datacubes, with the x and y dimensions containing spatial 

information about the sample and the z dimension 

containing spectral information. 

Numerous works utilizing hyperspectral imaging 

technology have been reported in the last two decades, 

revolutionizing several application scenarios [13–18]. 

However, there have not been many reports on ultra-

spectral imagers for agriculture and biomedical 

applications. Ultra-spectral imagers can record data from 

hundreds of spectral bands, increasing the spectral 

detection selectivity, particularly for molecular 

absorption and emissions, which can potentially improve 

automated abnormality and disease detection and 

classification capabilities. This paper discusses the bio 

and agro-food applications of an ultra-spectral imaging 

(USI) system that offers high spectral resolution, 

improved detection sensitivity, and high spatial 

resolution. This technique has several advantages over 

existing imaging methods used for bio and agro-food 

applications. For example, fluorescence microscopy, one 

of the gold standards used for biomedical and agricultural 

applications, needs the samples to be tagged with 

fluorescent markers, or are applicable only to samples 

that possess autofluorescence. Hence, fluorescence 

imaging would be invasive or has limited applicability. 

The proposed method on the other hand is non-invasive, 

does not require any kind of sample preparation, suitable 

for large area inspection, and in general is applicable to 

all types of samples. It is anticipated that biomedical and 

agricultural industries will benefit greatly from 

automated inspection using such systems. 

2 Materials and Methods 

A schematic diagram of the in-house developed USI 

system used for the investigations is shown in Fig. 1. The 

system works in the line scanning (pushbroom) spectral 

imaging configuration [14]. The sample is illuminated 

using a broadband light source (Edmund Optics, MI-150). 

The light reflected from the sample is collected by a fore 

lens on to a narrow silt, which is then dispersed by a 

spectrograph. The dispersed light from the spectrograph 

is imaged by an electron multiplying charge coupled 

device (emCCD) camera (Andor, LucaEM). The use of 

the emCCD improves the sensitivity of the system 

compared to traditional charge coupled device (CCD) or 

complementary metal oxide semiconductor device 

(CMOS) cameras. The emCCD camera’s electron-

multiplying gain and exposure time can be fine-tuned 

depending on the lighting condition to optimize the 

image quality. The spectrum from each sample point in 

the line of view of the USI system was spread along the 

detector camera’s y-axis. The USI system was initially 

calibrated for wavelength mapping of the spatial 

positions on the detector using standard spectral lines. 

Calibration was performed by imaging a flat sample 

illuminated with a tunable laser source (NKT Photonics, 

SuperK Extreme EXR-15, SuperK Select 4xVIS/IR) at 

twelve calibration wavelengths. A second-order 

polynomial regression model given in Eq. (1) was used 

to calibrate the USI system.  

 

 

Fig. 2 Photographs of the samples investigated. (a) 

Chinese cabbage leaf, (b) enlarged view of the ROI 

showing a bruise on the leaf, (c) phantom tissue sample, 

and (d) enlarged view of the ROI on the phantom tissue 

under inspection showing the abnormal tissue region as 

black. 

 

Fig. 3 (a) Datacube recorded from the Chinese cabbage sample. (b) Reflectance mapping at 550 nm showing clear distinction 

between normal and abnormal leaf areas. x &y axes represent the sample dimensions in µm. 
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Fig. 4 Average reflectance spectra of the two sample 

classes in Chinese cabbage sample. 

2λ ,cal y ya C b C c      (1) 

Cy represents the detector row, cal denotes the calibrated 

wavelength, and a, b, c are constants. The values of these 

constants were obtained by numerically fitting the 

calibration data and were found to be, 

a = 7.345 × 10−5 nm, b = 0.726 nm, and c = 331.871 nm. 

The calibration is cross-verified by imaging the standard 

spectral line from a helium neon (He-Ne) laser. 

During the measurements, the sample was mounted 

on an automated high-resolution 3-axis translation stage 

(Physik Instruments) and was scanned in micrometer 

steps to record the ultra-spectral image of the region of 

interest (ROI). The system’s spectral range, 

400–1000 nm, spans the visible to near-infrared 

wavelength band with a spectral resolution of ~ 1 nm 

over 756 spectral bands. The spatial resolution of the 

system was evaluated by imaging a USAF 1951 

resolution test target and the system was able to resolve 

vertical and horizontal lines of Group 3 Element 5 of the 

test target, corresponding to a lateral resolution of 

39.37 µm. The whole system was automated using an in-

house developed LabVIEW® code. The datacube 

generation as well as all the data processing were done 

using custom written MATLAB® scripts.  

Two representative bio samples, namely Chinese 

cabbage (Pak Choi) and a phantom tissue sample are 

chosen from agriculture and biomedical fields 

respectively, for the investigation using the USI system. 

A fresh leaf from a Chinese cabbage plant with a tiny 

bruise damage was used for the first set of investigations. 

The biophantom tissue sample was procured from 

Simulab Corporation and the abnormal area on the 

biophantom tissue was simulated by pasting a black tape 

on to the sample surface. Representative images of the 

samples used in the measurements are shown in Fig. 2. 

3 Results and Discussion 

The Chinese cabbage leaf sample with visible bruises 

was mounted on the translation stage and the images 

were recorded using the USI system in line scanning 

mode. The ultra-spectral datacube recorded and the 

reflectance mapping at 550 nm for the Chinese cabbage 

sample are shown in Fig. 3. 

The reflectance mapping of the image at 550 nm 

shows a clear distinction between normal and abnormal 

regions as shown in Fig. 3(b). The average reflectance 

spectra extracted from the datacube for the two areas are 

shown in Fig. 4. The reflectance spectrum labelled 

class 1 represents the average reflectance spectrum 

captured from normal leaf area while the spectrum 

labelled class 2 represents the average reflectance 

spectrum captured from the abnormal area. The clear 

distinction between the two can be utilized for the 

automated quality inspection of Chinese cabbage crops. 

The ultra-spectral datacube recorded for the 

biophantom tissue with simulated abnormal area is 

shown in Fig. 5(a). The wavelength mapping at 700 nm 

shows distinct changes for class 1 (normal tissue) and 

class 2 (abnormal tissue) as shown in Fig. 5(b). 

 

 
Fig. 5 (a) Datacube recorded from the biophantom tissue sample. (b) Wavelength mapping at 700 nm. x & y axes represent 

the sample dimensions in µm.
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Fig. 6 Average reflectance spectra from the normal tissue 

(class 1) and abnormal tissue (class 2) regions in the 

biophantom tissue sample. 

The average spectra extracted for the different sample 

classes (shown in Fig. 4 and Fig. 6) can be used for 

developing the spectral libraries required for automated 

classification. Detection using spectral imaging largely 

depends on robust reference libraries. The detection of 

pathological sites and diseases will be through the 

comparison of the spectral variations to the reference 

libraries using classification algorithms, deep learning, 

and specific indices. Several algorithms have been 

developed by various research groups for this 

purpose [19, 20]. Details of the algorithm utilized for the 

automated abnormality classification based on the 

spectral libraries created is shown in Fig. 7. Briefly, the 

USI datacubes recorded undergoes appropriate spectral 

pre-processing depending on the reference spectral 

libraries loaded to the algorithm. The dimensionality of 

the extracted spectral data is then reduced using 

specialized techniques such as independent component 

analysis (ICA), principal component analysis (PCA), or 

non-negative matrix factorization (NMF). Subsequently, 

selected mapping and further feature extraction from the 

data using techniques such as normalized difference 

index (NDI) can enable quick automated classification 

and detection using the algorithm shown in Fig. 7. 

Distinct features are seen in the reflection spectra 

extracted from class 1 (normal tissue) and class 2 

(abnormal tissue) areas of the sample as shown in Fig. 6, 

which can be utilized for the automated classification of 

the abnormalities in the phantom tissue sample.  

To illustrate the viability and selectivity of the 

proposed algorithm, the classification of a Chinese 

cabbage plant was carried out. For this purpose, the well-

known classification method, spectral angle mapper 

(SAM) was used. SAM is an automated method for 

evaluating the image spectra similarity with a known 

spectra or endmember from the reference spectral library. 

In this method, the spectra are treated as vectors and the 

spectral angle between them is calculated. Initially, the 

angle between each endmember vector and the vector 

defined by the pixel values for each pixel is calculated. 

This results in a raster layer for each endmember 

containing the spectral angle. The more closely a pixel 

resembles a particular endmember class, the smaller is 

the spectral angle. Based on the pre-defined tolerance 

level for the spectral angle, the classification is 

established. As the vector’s direction is only considered 

in this algorithm for classification, this method is 

insensitive to illumination intensity [21]. Fig. 8(a) shows 

the RGB image of the Chinese cabbage plant inspected 

and Fig. 8(b) shows the classified image obtained by 

applying the SAM classification algorithm. The green 

shaded areas correspond to healthy/normal region while 

the red shaded areas represent abnormal region. This 

figure clearly illustrates the automated detection 

capability of the proposed algorithm. It is envisioned that 

such techniques and algorithms have immense potential 

for automation in biomedical and agro-food sectors. 

 

 
Fig. 7 Block diagram showing the algorithm for automated 

classification/detection based on reference spectral 

libraries created. 

4 Conclusion and Future Work 

A USI system with high spectral and spatial resolutions 

was developed and the applications of the developed 

system for agro and biomedical applications are 

demonstrated. An algorithm for the automated detection of 

abnormalities using the spectral signatures is detailed. 

Spectral libraries generated using the USI system is utilized 

for the automated classification of agro-food samples. 
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Fig. 8 SAM classified image of a Chinese cabbage plant 

showing automatically segmented normal and abnormal 

regions. 

The proposed method offers possibilities for early-stage 

detection and classification of abnormalities or diseases. 

In addition, possible applications of the proposed 

technique for automated and early detection of diseases 

in biomedical domain could enable real-time result 

oriented solutions with detection, diagnosis and 

treatment approaches that can find potential applications 

in related diagnostic medical fields.  
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