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A B S T R A C T   

Hyperspectral imaging has emerged as an effective powerful tool in plentiful military, environ-
mental, and civil applications over the last three decades. The modern remote sensing approaches 
are adequate for covering huge earth surfaces with phenomenal temporal, spectral, and spatial 
resolutions. These features make HSI more effective in various applications of remote sensing 
depending upon the physical estimation of identical material identification and manifold com-
posite surfaces having accomplished spectral resolutions. Recently, HSI has attained immense 
significance in the research on safety and quality assessment of food, medical analysis, and 
agriculture applications. This review focuses on HSI fundamentals and its applications like safety 
and quality assessment of food, medical analysis, agriculture, water resources, plant stress 
identification, weed & crop discrimination, and flood management. Various investigators have 
promising solutions for automatic systems depending upon HSI. Future research may use this 
review as a baseline and future advancement analysis.   

1. Introduction 

Hyperspectral imaging also known as spectroscopy imaging is the study of the interaction of light with the material observed. It is a 
hybrid process that combines spectroscopy and imaging. It generates a three-dimensional (3-D) database of spectral and spatial in-
formation from the collection of spectral information at each pixel of a two-dimensional (2-D) array detector [1]. This generates a 3D 
database known as hypercube as shown in Fig. 1. This spatial information locates the source of every spectrum in the samples which 
makes it possible to examine more likely with the lighting condition of the environment. Moreover, HSI covers a continuous portion of 
the spectrum of light with more spectral bands and high spectral resolution. Therefore, HSI has the potential to capture the spectral 
differences under 2D different environmental conditions. The difference between hypercube and RGB images is indicated in Fig. 1. 
Hypercube is a 3D database of 2D images on each wavelength. The leftmost is the spectral reflectance signature curve of pixels in the 
image. The RGB image has three bands in red, green, and blue wavelength respectively. The rightmost is the intensity curve of a pixel in 
the RGB image. It measures the extent of light transmitted, reflected, or emitted from an assured target or object. 
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This review specifies the fundamentals of hyperspectral imaging, confers with the familiar technologies of HSI, and focuses on the 
novel applications of HSI in the areas of safety & quality assessment of food, medical analysis, agriculture, water resource manage-
ment, plant stress identification, weed & crop discrimination and flood management. 

1.1. Hyperspectral imaging and its platforms 

Hyperspectral imaging is a technique that facilitates the spectrum acquisition in an image for every pixel value. HSI sensors 
(spectrometers imaging) usually capture near-infrared, visible, and short-wavelength infrared spectra in the range of 0.4–2.5 μm 
region. Also, HSI with narrow band systems are agile to produce spectral spectrum at hundreds of distinct wavelengths [3]. This 
spectral spectrum makes HSI a powerful and interesting tool for earth surface categorization resulting in a promising wide range of 
applications [4–6]. The HSI data consists of various channels compared to RGB or grayscale images which comprise three or more 
channels [7]. HSI produces a 3-D hyperspectral cube with one wavelength dimension and two spatial dimensions. The hyperspectral 
data are categorized based on spatial and spectral information or the acquisition mode. A few examples of HSI data acquired tech-
niques are point scanning (whiskbroom), line scanning (push broom) imagers staring, and imager snapshots as indicated in Fig. 2. 

Point scanning also known as the imager whisk broom technique involves moving the detector or sample on spatial (Sx and Sy) 
dimension to the scana sole point [8,9]. The images obtained using this approach are of huge spectral resolution with enormous 
flexibility concerning the optical approach, size of the sample, and range of spectra. Another detailed hyperspectral 3D cube is shown 
in Fig. 3. The line scanning also known as the push broom sensor attains one-dimensional spectral cross pixel on a spaceborne or 
airborne platform represented in Fig. 3 (a). This approach provides the linear view field information for every spatial and spectral 
exclusive information using concurrent acquisition. During this technique spatial and spectral information is compiled along the 
x-direction and the substance is moving in spatial y-direction. This approach is extensively beneficial in remote sensing. Fig. 3 (b) 
represents sequential lines for the cross pixel in each row to attain a hyperspectral 3-D cube where the x direction includes spatial scene 
detail and the y direction includes the cube. Fig. 3 (c) represents 2D spatial information determined by a hyperspectral 3D cube. Fig. 3 
(d) indicates spectral points for feature discrimination pixels of classification and detection of spectra in the scene [10,11]. 

The image starting also known as spectral scanning and area scanning adopts a 2 D array detector for scene capture in separate 
exposure. This approach utilizes images of high resolution depending on the resolution of the pixel and optics camera. An image 
snapshot also known as image scanning utilizes separate integration time to generate a hyperspectral 3D cube [13]. This technique uses 
spectral and spatial information recording beyond scanning. It makes the approach more flexible and straightforward. 

Qian [12] presented the three distinct methods of obtaining hyperspectral cube data using different spectrometers such as snapshot 
HSI, spectral filter-based method, and dispersive-element-based methods. To acquire hyperspectral images with different temporal and 
spatial resolutions, the sensors used must be mounted on different platforms such as close-range platforms, airplanes, and Unmanned 
Aerial Vehicles (UAV). The comparative analysis of distinct platforms for hyperspectral imaging is indicated in Table 1. 

The hyperspectral images are described by their spectral as well as spatial resolution. The spectral resolution regulates the variation 
in pixels of the picture as f(ƛ) (function of wavelength) while spatial resolution regulates the geometrical relationship of the image 
pixels to each other. Hyperspectral images are generated by instruments known as imaging spectrometers. The evolution of these 
complex sensors has involved the convergence of two related but different approaches: Remote Imaging and Spectroscopy. Spec-
troscopy is the study of light that emits or reflects from material and its variation in energy with wavelength. In the remote sensing 
field, spectroscopy deals with the spectrum of sunlight that is reflected by materials at the earth’s surface. 

Spectrometer instruments are used to make laboratory or ground-based measurements of the light reflected from the material to be 
tested. By using hundreds or thousands of detectors spectrometers can make spectral measurements of bands as narrow as 0.01 μm 
(wide wavelength range), at least 0.4–2.4 μm (infrared wavelength range) [14]. The list of various imaging spectrometer sensors for 
hyperspectral imaging contributing information are AVIRIS (Airborne Visible Infrared Imaging Spectrometer), AISA (Airborne Im-
aging Spectroradiometer Application), Hymap, and Hyperion. Some of the current space and airborne satellite hyperspectral sensors 
for spectral and spatial resolution spectrometers are indicated in Table 2. 

The spatial, spectral, and temporal resolution of an image provides valuable information that is used to form interpretations about 

Fig. 1. Comparison between hypercube and RGB image [2].  

A. Bhargava et al.                                                                                                                                                                                                     



Heliyon 10 (2024) e33208

3

surface conditions and materials. For each of these properties, the image resolution can be defined by the sensor system. These image 
resolution components limit the information derived from remote sensor images.  

A. Spatial Resolution 

Spatial resolution can be defined as the smallest detectable detail in an image that can be stated as the measure of the smallest entity 
in an image which can be discriminated as an independent entity in the image [22]. It is also the function of the design of the sensor and 
its operating altitude above the surface. Practically, the image clarity is imposed by its spatial resolution, not the number of pixels in an 
image. The spatial characteristics of an image depend on the image sensor design in terms of its altitude and its field of view [23]. The 
remote sensor detector measures energy received from a bounded patch of the ground surface. The patch size is inversely proportional 
to the spatial resolution. The smaller the individual patches, the more detailed will be the spatial information that can be described 
from the image. Shape is one of the usual factors that is detectable only if the cell dimensions are much smaller than the object di-
mensions. If the object is darker or brighter than the surroundings, it will control the average brightness of the image cell and this cell 
will be brighter compared to contiguous cells. The spatial resolution allows us to distinguish linear features that are more precise than a 
cell dimension, such as fruits on the farm.  

B. Spectral Resolution 

Spectral resolution can be defined as the range of the electromagnetic spectrum and the number of spectral bands measured by the 
sensor. An imaging sensor may reciprocate to a substantial frequency range but still have a small spectral resolution if it attains a low 
number of spectral ranges of the band. Adversely, if a sensor is precise to the low-frequency range but acquires a gigantic number of 
spectral bands has a huge spectral resolution, due to its capability to differentiate between scenes of identical or close spectral sig-
natures [24]. The multispectral images consist of small spectral resolution and, therefore inadequate to resolve fine spectral signatures 
identified in the scene. HSI sensors capture images in various contiguous and exceptionally narrow spectral bands in visible, 
near-infrared, and mid-infrared segments of the electromagnetic spectrum. This advanced imaging system indicates enormous po-
tential for the identification of materials based on their particular spectral signatures. The HSI with a single pixel spectrum may allow 
considerably more information about the material of the surface than a normal range.  

C. Temporal Resolution 

In hyperspectral imaging, the temporal resolution depends on the orbital attribute of the imaging sensor. It is usually defined as the 
time required by the sensor to revisit and obtain data from the same location [25]. It is also known as revisit or return time. Temporal 
resolution is said to be low if the revisiting frequency of the sensor platform for the same location is low and is said to be high if the 
revisiting frequency is high. Temporal resolution is generally defined in days.  

D. Understanding Spectral Signatures 

The earth’s surface absorbs, transmits, and reflects the radiations in the form of electromagnetic waves from the sun depending 
upon the material of the surface. Electromagnetic energy is measured by hyperspectral sensors that allow us to examine the changes 
and specific features on the Earth’s surface. When electromagnetic energy rebounds from the surface, it measures reflectance. It is 
defined as a function of wavelength with a ratio of reflected and incident energy. Practically, reflectance ranges from [0,100] where 0 
% when whole wavelength incident light is absorbed and 100 % when whole wavelength incident light is reflected. The materials 
present on the earth’s surface such as forests, minerals, soil, and water can be compared and plotted concerning the reflectance value of 
specific electromagnetic spectrum. Such plots are labeled as spectral response or signature curves. 

Fig. 2. Three approaches are used for constructing a hyperspectral image (a) Point Scanning (b) Line Scanning (c) Imagers Staring (d) Imager 
Snapshot [2]. 
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Fig. 3. Detailed hyperspectral three-dimensional data cube structure [12].  

Table 1 
Comparative Analysis of distinct platforms for hyperspectral imaging [14].  

Specifications Airplanes Helicopters Satellites Fixed Wing UAV Multi UAV 

Example Image 

Operational Altitudes 1–20 km 100 m- 2 km 400–700 km <150 m <150 m 
Spatial Coverage ~100 km2 ~10 km2 42 × 7.7 km ~5 km2 ~0.5 km2 

Spatial Resolution 1–20 m 1.1–1 m 20–60 m 1.1–0.5 m 0.01–0.5 m 
Temporal Resolution Depends on operations of flights (Hours to Days) 
Flexibility Medium (Limited by availability of aviation) Low (Fixed repeating cycles) High 
Operational Complexity Medium (Depending on the sensor operator) Low (Data provided to users) High (Software & Hardware of setup by users) 
Applicable Scales Regional landscape Global landscape Canopy landscape 
Cost of Acquisition High (requires aviation company to fly) Low to Medium High (for a large area) 
Limiting Factors Unfavorable flight speed Weather Flight regulations  
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Fig. 4 indicates the spectral model signature of different models present on earth’s surface in hyperspectral imaging. These plots 
classify remotely sensed images for every material in a scene that has its unique spectral signature. The higher the resolution of the 
sensor, the more information is cited from the spectral signature. Hyperspectral imaging sensors have a higher spectral resolution than 
multispectral imaging sensors and therefore they provides the ability to differentiate between huge subtle variations in a scene. The 
water and land resources mapping can be done by geologists in active and historic areas [26]. It is also promoted to map hazardous 
waste and heavy metals in active and historic mining areas. Fig. 4 represents the vegetation, water, and soil spectral response. It is clear 
from the above figure that vegetation reflectance is high compared to soil due to reflectance variation in the electromagnetic spectrum. 
This is because the factors which affect soil. 

Reflectance varies in a narrow range of electromagnetic spectrum. These factors consist of the texture of the soil, minerals present 
such as surface roughness, iron, and content of moisture in the soil. Spectral signatures of green vegetation have vessels in the visible 
spectrum range which illustrates the pigmentation in green vegetation is chlorophyll [28] that absorbs 450 nm blue and 670 nm red 
region known as the chlorophyll spectral absorption bands. If a plant is under stress such that growth of chlorophyll is reduced in these 
cases the reflectance amount in 670 nm red region increases. The water spectral response has distinct characteristics of light absorption 
in the infrared region and beyond it. The several probable factors that affect the spectral response of water are drooping sediments and 

Table 2 
The current space and airborne satellite hyperspectral sensors [14].   

Sensor Origin Spectral 
Range 

No. of 
spectral 
bands 

Spectral 
Resolution 
(nm) 

Operational 
Altitude (km) 

Spatial 
Resolution (m) 

Authors 

Satellite 
Based 

Hyperion NASA, UK 352–2576 220 10 707 (7.7 km) 30 Pearlman 
et al. [15] 

PROBA- 
CHRIS 

ESA, UK 415–1050 19 63 34 17 830 (14 km) 17 36 Kunkel et al. 
[16] 

Airplane 
Based 

AVIRIS Jet Propulsion 
Laboratory, USA 

400–2050 224 10 – – Green et al. 
[17] 

CASI Itres, Canada 380–1050 288 <3.5 1–20 1–20 Babey & 
Anger [18] 

AISA Specim, Finland 400–970 244 3.3 1–20 1–20  
HyMap Integrated 

Spectronics, 
Australia 

440–2500 128 15 – – Cocks et al. 
[19] 

UAV Based Head Well 
Hyperspec 

Headwall 
Photonics, USA 

400–1000 270 Nano 
324 Micro 

6 Nano 
2.5 Micro 

<0.15 0.01–0.5 Rickard et al. 
[20] 

UHD 185 
Firefly 

Cubert, Germany 450–950 138 4 <0.15 0.01–0.5 Eckardt et al. 
[21]  

Fig. 4. A collective scheme of Soil, Water & Vegetation mapping on hyperspectral imaging [27].  
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expanding the level of chlorophyll. In such special cases, the spectral response will be shifted subsequently showing the existence of 
suspended algae or sediments in water. 

1.2. Pros & cons of hyperspectral imaging 

The pros of using Hyperspectral Imaging in different applications such as agriculture, and food quality estimation are as follows 
[29]:  

(i) It is a non-invasive, non-contact, non-destructive technology that ensures the quality and safety of food goods.  
(ii) The experiments use no chemicals therefore environmentally safe.  

(iii) The time required to process for quality evaluation and food control/storage is low compared to chemical and traditional 
approaches.  

(iv) It gives an improved understanding of the chemical elements of food products and is generally known as chemical imaging.  
(v) It provides appropriate area selection for critical analysis of the image.  

(vi) It gains spatial and spectral information together to provide more appropriate and accurate data concerning chemical samples 
from interested platforms and enhance a chance to data refine and achieve further experiments. 

Despite its pros, Hyperspectral Imaging also has some cons [29].  

(i) A hyperspectral imaging system is highly costly compared to other image processing techniques.  
(ii) Since the data size of hyperspectral imaging is large, there is a demand for high-speed computers for the processing of data and 

extensive capacity drives for the storage of data.  
(iii) While acquiring the images, the signal could be impacted by ambient surroundings such as scattering, illumination, etc. 

therefore producing a destitute signal-to-noise ratio.  
(iv) Detection and identification of different items within the equivalent image using spectral data is mostly difficult except the 

diverse objects have distinct absorption features. 

2. Applications of HSI 

HSI is rapidly growing for a huge variety of applications such as military, industrial, and commercial. This section focuses on HSI 
applications for the quality and safety of food, medical fields, water food and resource management, agriculture, forensics, homeland 
and defense security, plant detection, and weed and crop discrimination.  

A. Safety and Quality Assessment of food 

Various challenges for the safety and quality of food and its products are forced due to the requirement of low-cost production and 
huge efficiency. Distinct food attributes such as biological, chemical, and physical are examined to assess the safety and quality of food. 
The traditional approaches depending upon biological, chemical, and visual inspection of food are unfriendly to the environment, 
time-consuming and destructive. The advancement in technology related to instrumentation and computer engineering enabled faster 
and more efficient food assessment. Machine learning and computer vision-based approaches using image processing have been 
successfully adapted for the assessment of food and its product external attributes [30–35]. The internal attributes of food are not able 
to be examined using these approaches due to a lack of ability to capture spectral information. This limitation of machine learning and 
computer vision is overcome by near-infrared spectroscopy because of the relation between the near-infrared spectrum and food 
components [36,37]. HSI consists of a huge amount of spatial as well as spectral information which results in HSI methods suitable for 
the safety and quality assessment of food [38]. The defect identification [39,40] and contamination detection [41,42] in food products 

Fig. 5. Soil, Water & Vegetation curve for spectral response [27].  
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can be analyzed using HSI. The post-harvest processing such as grading, sorting, chemical prediction, and recognition of bruises can 
also be done using distinct novel approaches of HSI. Archibald et al. [43] presented an approach for wheat classification using 
short-wavelength near-infrared spectral imaging. The model uses regression analysis to select wavelength, and kernel segmentation 
with histogram equalization to classify wheat. Mahesh et al. [44] proposed a statistical ANN classifier for distinguishing wheat that 
achieves 100 % accuracy. Singh et al. [45] presented a model that utilizes histogram and statistical (color/textural/morphological) 
features and lastly classified using a BPNN classifier and achieves 96.40 % accuracy. Singh et al. [46] proposed statistical features with 
linear/quadratic/Mahalo Nobis classifier to achieve 99.30 % accuracy. William et al. [47] presented principle component 
analysis-based feature extraction and the PLS-DA model as a classifier to classify maize with 86.00 % accuracy. Valenzuela et al. [48] 
proposed blueberry’s solid content and firmness and achieved 87.00 % accuracy. Huang et al. [49] presented SVM-based classification 
for apple classification and achieved 82.50 % accuracy. Huang et al. [50] proposed a Gabor filter and GLCM to identify salmon. Ivorra 
et al. [51] proposed a model to identify expired, packed, vacuum salmon and reach an 82.70 % recognition rate. Serranti et al. [52] 
presented a PAC and PLS-DA-based classification model for grout and oat and achieved 100 % accuracy. The literature reports different 
HSI-based food grain evaluations as shown in Table 3. 

HSI plays an exclusive role in grain repository to detect deteriorated seed kernel and coat, bins sensing, insect, and fungal detection 
in grain (see Fig. 5). Fig. 6 represents the simplified diagram of feasible methods for HSI applications to evaluate and check the quality 
of bulk grain storage. The model consists of a camera, UV light source (Liquid Crystal tuneable Filter), and computer (image processing 
unit). Each element has its function in processing for hyperspectral imaging. The camera acquires spatial and spectral information, 
spectrograph distributes the light into several wavelengths. The UV light source spots the grains and the computer will store and 
compose the 3D hypercube. The deep scanning can be done by FIR and MIR spectral range that selects the optimum wavelength to 
analyze the system using Partial Least Square (PLS), Genetic Algorithm Partial Least Square (GAPLS), Convolutional Neural Network 
(CNN) or Principle Component Analysis (PCA).  

B. Medical Analysis 

The traditional approaches for clinical medical analysis are magnetic resonance imaging (MRI) and computed tomography (CT). 
Paly et al. [59] compared the CT and MRI for sclerosis detection in over 200 patients during the evaluation. Hovels et al. [60] use MRI 
and CT both for node lymph in cancer prostate. MRI achieves better results compared to CT. During the past decades, the spectral 
technique has had significant results at huge accuracy and speed by providing added potential to medical investigators. The optical 
tissue characteristics implement valuable diagnostic results. The medical analysis is widely done by HSI due to its ability to provide 
biomarker results of real-time data and spectral tissue information. HSI is also used in surgery image-guided other than medical 
analysis. Kumar et al. [61] presented Fourier transform infrared (FTIR) and principal component analysis (PCA) for breast cancer 
analysis using a spectroscopy imaging system. The approach is applied to specimens of histopathological carcinoma on breast cancer 
and data analysis. The spectral band across 5882–6250 nm may be used for breast cancer. Liu et al. [62] proposed a reflectance 
spectrum for the detection of the tumor. Dicker et al. [63] use the hyperspectral high resolution to detect skin abnormality using 
hematoxylin stain eosin for normal and abnormal skin. The biopsy is characterized by thickness, magnification, and staining to 
determine spectral wavelength. It is spacious that the absorption band (533 nm approximately) could be recognized through the 
sample implying that hematoxylin blemishes almost every little thing. The grayscale representation of melanoma lesions and trans-
mission spectra achieved from the internal area and within the nucleus are presented in Fig. 7. 

Mitra et al. [64] propose biliary anatomy identification and classification of reflectance and fluorescence imaging. Fig. 8 indicates 
photographic and segmented images of biliary tissue after hyperspectral and fluorescence imaging. The image processing and spectral 
information approaches are applied for the detection and classification of biliary anatomy. Fluorescence imaging provides surgical 
dynamic motion information whereas HSI provides contaminated exclusion tissues for bile duct identification. As seen from the figure, 
distinct tissue types exhibit distinct spectral characteristics due to different tissue properties. The color segmentation allows clear 

Table 3 
Distinct approaches for hyperspectral imaging-based food grains evaluation.  

Authors HSI Range (nm) Food Grain Approach Accuracy (%) 

Archibald et al. [43] NIR 632–1098 Wheat Histogram – 
Mahesh et al. [44] NIR 960–1700 Wheat ANN 100 
Singh et al. [45] NIR 700–1000 Wheat BPNN 96.40 
Singh et al. [46] NIR 700–1000 Wheat Quadratic 99.30 
McGoverin et al. [53] NIR 1920–1940 Wheat PLS DA – 
Weinstock et al. [54] NIR 950–1700 Corn PLSA – 
William et al. [47] NIR 960–1662 Maize PLS DA 86.00 
William et al. [55] NIR 1000–2498 Maize PLS RM – 
Shahinet et al. [56] NIR 400–1000 Wheat PLS 90.60 
Caporaso et al. [57] NIR – Cereal – – 
Valenzuela et al. [48] NIR 500–1000 Blueberries – 87.00 
Huang et al. [49] NIR 600–1000 Apple SVM 82.50 
Huang et al. [50] NIR 1193–1217 Salmon GLCM – 
Ivorra et al. [51] NIR – Salmon PLS DA 82.70 
Serranti et al. [52] NIR 1006–1650 Oat & Grout PLS DA 100  
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differentiation between the gallbladder, duodenum, liver, and ligament tissues. This segmented image with fluorescence image flows 
in a similar tissue to add the flow of real-time fluorescence on the top background of ICG-loaded micro balloons. The dual image 
identifies the biliary tissue and its location with the surrounding. 

Components. Campbell et al. [65] presented a renal tumor diagnosis approach using laparoscopic nephrectomy partial. Oluenty 
et al. [66] proposed digital processing light to categorize oxygenation renal. This medical analysis was implemented on 18 patients. 
The literature reports different HSI-based medical diagnosis evaluations as shown in Table 4.  

C. Agriculture 

The promptly increasing population across the world will lead to an increase in crop production till the end of 2050 [81]. 

Fig. 6. Hyperspectral Imaging scanning [58].  

Fig. 7. Grayscale representation of melanoma lesion and internal area with transmission spectra [63].  

Fig. 8. (a) Photographic image of biliary (b)Classification of biliary based on hyperspectral imaging [64].  
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Nonetheless, numerous studies present that crop production is not developing at a rate to accomplish the increasing population 
requirement. Various studies have represented that food quality can be effective by limiting the cultivation of land by improving crops 
[82,83]. The global undernourishment and poverty can be precisely diminished by improving crop generation [84,85]. Traditionally, 
manual inspection was done to monitor attacks of insects, diseases, nutrients, and stress of water. The manual visual inspection limits 
the identification since disease symptoms may emerge lately. These traditional methods can be replaced by HSI ground and airborne 
methods for crop evaluation, soil analysis, and measuring vegetation effectively. The major factor in crop yield is stress drought. The 
crop can be successfully increased by detection of water stress in time. The photosynthetic variation is measured in high-level water 
stress. These variations lead to tint yellow in crop, because of improved red reflectance wavelength. The HSI system distinguishes this 
variation former stage than human eye. Colombo et al. [86] proposed water leaf thickness detection in the infrared and visible 
spectrum during reflectance. Mahlein et al. [87] reported a distinct advancement of sugar leaves. The spectral resolution of health-
y/defective sugar leaves is shown in Fig. 9. Liu et al. [88] proposed wheat prediction via spectral parameters with fine matured 
classification indicated in Fig. 10. The literature reports different HSI-based medical diagnosis evaluations as shown in Table 5. 

Zuiggelaar [110] reviews the spectral proprieties of plants to differentiate the weeds and crops. This review compares distinct 
modeling methods to evaluate the reflection using chemical and optical information. Tian and Thorp [111] reviewed weed identifi-
cation using remote sensing in agriculture. This review reports different spectral canopy responses of crop and weed discrimination 
using remote sensing technology and lighting. Hadoux et al. [112] represent a distinct method using spectra resolution in uncontrolled 
orientation and lightning. The vegetation index for wheat and weed is very similar, therefore huge spectral analysis was enforced to 
differentiate between wheat and weed. PIron et al. [113] report the adequate wavelength for differentiating between weeds and 
carrots or weeds and potatoes using artificial lighting. Various research papers have been published [114–116] focused on particular 
techniques while others are centred on real time framework.  

D. Water Resource Management 

Humanity’s survival on earth can be achieved by the biggest critical resource like water. Therefore, efficient management, analysis, 
and quality monitoring of water ardent a lot of consideration from the investigators [117–122]. The distinct application of HSI is in 

Table 4 
Distinct HSI-based medical analysis.  

Author System Applications 

Huang et al. [67] Multi HSI Classify Hemocytes 
Huang et al. [68] HSI Blood Cells 
Wang et al. [69] HSI Leukocyte 
Sommer et al. [70] Deep HSI Cancer Cells 
Li et al. [71] HSI Cancer Cells 
Bengs et al. [72] HSI Vivo Tumor 
Grigoroiu et al. [73] HSI Endoscopy 
Manifold et al. [74] HSI Multiple Drug Location 
Halicek et al. [75] HSI Cancer Detection 
Trajanovski et al. [76] VIS/NIR Tumor Capture 
Cervantes et al. [77] HSI Liver/Thyroid 
Garifullin et al. [78] HSI Retinal Vessels 
Trajanovski et al. [79] HSI Carcinoma Tumor 
Seidlitz et al. [80] HSI Organ Segmentation  

Fig. 9. Spectral resolution of healthy/defective sugar leaves [87].  
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water management. The water bodies’ parameters like temporal, spectral, and spatial are accurately measured by temporal deviation. 
Xingtang et al. [123] efficiently proposed their investigation on approaches relevant to powerful HSI water monitoring. Li et al. [124] 
further utilize this approach to evaluate the matter-suspended concentration of Bay Meiliang in Taihu Chris Lake data as indicated in 
Fig. 11.  

E. Plant Stress Identification 

The distinct symptoms of stress in plants depend upon abiotic and biotic factors. When a plant develops into stress, productivity is 
reduced significantly. Consequently, plant stress identification is crucial at an early stage for reducing productivity losses. Various 
researchers proposed HSI and machine vision for the identification of plant stress in orchards olive, canopies tomato [125–128]. 
Nonetheless, stress in plants may be the cumulative result of nutrient, disease, and water effects that cause a huge challenge for 
authentic stress plant identification. Several studies report that for efficient plant stress identification, HSI is a powerful tool. Using an 

Fig. 10. Spectral parameters with matured classification [87].  

Table 5 
Different HSI-based medical diagnosis evaluations.  

Authors Spatial Resolution Application 

Ferguson et al. [89] 1 m Crop Production 
Zhang et al. [90] 1 m Crop Production 
Caturegli et al. [91] 30 m Crop Production 
Tian et al. [92] 1.4 m Crop Production 
Kokhan et al. [93] 2 m Crop Production 
Ahn et al. [94] 2.8 m Crop Production 
Meroni et al. [95] 40 m Crop Production 
Chua et al. [96] 3.2 m Crop Production 
Baraldi et al. [97] 20 m Water Management 
Choubey et al. [98] 72 m Water Management 
Hasab et al. [99] 15 m Water Management 
Goetz et al. [100] 3.2 m Nutrient Management 
Caturegli et al. [101] 1.65 m Nutrient Management 
Sharifi et al. [102] 10 m Nutrient Management 
Yang et al. [103] 3.2 m Crop Harvest 
Maselli et al. [104] 250 m Crop Harvest 
Aicha et al. [105] 10 m Crop Harvest 
Denis et al. [106] 4 m Crop Harvest 
Vibhute et al. [107] 1 km Soil Moisture 
Yang et al. [108] 6 m Crop Detection 
Sidike et al. [109] 1.24 m Weed Management  

A. Bhargava et al.                                                                                                                                                                                                     



Heliyon 10 (2024) e33208

11

HSI camera, the spectral resolution of the plant was inspected to classify the intensity and onset of plant stress. 
Kim et al. [129] reported apple of the greenhouse with five distinct levels of treatment in water. An HSI with a digital camera and 

illuminated sensor vegetation within 385–1000 nm spectral sensor range benefitted from monitoring in plants. The visible region 
absorbs xanthophylls and chlorophyll as the NIR region results in reflectance. The photosynthetic absorption occurs at reflectance 
which results in stress in plants. This stress improves the visible region and reduces the NIR region during reflectance. Therefore, stress 
in plants can be predicted by these distinct spectral regions. Zygielbaum et al. [130] reported the stress in maize at two reflectance 
wavelengths associated with optimum results and water content. The vegetation index is the combination of the spectral spectrum 
which accentuates the green spectral features. Sanches et al. [131] reported remote sensing and photogrammetry for plant stress 
identification.  

F. Flood Management 

The ground and airborne observation of water conditions are insufficient which limits the capability of monitoring and detecting 
floods. I. P. et al. [132] reported the enhanced and early detection system within hours using remote sensing technology. Brackenridge 
et al. [133] incorporated probable comprehensive application for early flood identification in the field of lands, rivers, and rainfall 
using NASA space observations and geological surveys. Reinartz and Glabu [134] report the flood impact, content of moisture in plain 
flood areas, and sediment accumulation using data gathered from remote sensing. Dartus & Roux [135] investigated the discharge 
river estimation and hydrographs flood by minimizing the optimized model in system response. The numerous challenges related to 
HSI in radiometric and metrological situations are reported in Ref. [136]. The approach minimizes the illumination variation condition 
using radio metrics. Distinct investigators investigate timely mapping and monitoring using remote sensors for restoration [137–139]. 

3. Conclusion 

The role of HSI in material detection, identification, geo-observation, and physical parameter estimation is not adequate among 
other remote sensing approaches. Therefore, spaceborne and airborne HSI-based research has been increased. Recently several 
concomitant applications have used HSI to encourage the investigators. Various mathematical algorithms and tools are investigated 
such as classification, fusion data, unmixing, detection of anomaly, and efficient computation for HSI data. Distinct applications of HSI 
use these mathematical algorithms. This review generally focuses on HSI sensors to maintain and increase safety and quality 
assessment of food, medical analysis, agriculture, water resources, plant stress identification, weed & crop discrimination, and flood 
management. Various investigators have promising solutions for the automatic system depending upon HSI. Future research may use 
this review as a baseline and future advancement analysis. 
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List of abbreviations 

Abbreviations Definition 
HSI Hyperspectral Imaging 
2D/3D Two/Three dimensional 
RGB Red Green Blue 
UAV Unmanned Aerial Vehicles 
AVIRIS Airborne Visible Infrared Imaging Spectrometer 
AISA Airborne Imaging Spectroradiometer Application 
PROBA Project for on board Antimony 
CHRIS Compact High Resolution Imaging Spectrometer 
UHD Ultra-High Definition 
NIR Near Infrared 
VIR Visual & Infrared 
UV Ultra Violet 
PLSA Partial Least Square Analysis 
PLSDA Partial Least Square Discriminant Analysis 
PLSRM Partial Least Square Regression Model 
GAPLS Genetic Algorithm Partial Least Square 
FIR Far Infrared Radiation 
MIR Mid Infrared Radiation 
GLCM Gray Level Cooccurrence matrix 
SVM Support Vector Machine 
ANN Artificial Neural Network 
BPNN Back Propagation Neural Network 
CNN Convolutional Neural Network 
PCA Principle Component Analysis 
MRI Magnetic Resonance Imaging 
CT Computed Tomography 
FTIR Fourier Transform Infrared 
ICG Indocyanine Green 
NASA National Aeronautics and Space Administration 

References 

[1] S. Selci, The future of hyperspectral imaging, J. Imaging 5 (2019) 84. 
[2] L.W. Kuswidiyanto, H.-H. Noh, X. Han, Plant disease diagnosis using deep learning based on aerial hyperspectral images: a review, Rem. Sens. 14 (2022) 6031, 

https://doi.org/10.3390/rs14236031. 
[3] A.F.H. Goetz, G. Vane, J.E. Solomon, B.N. Rock, Imaging spectrometry for earth remote sensing, Science 228 (4704) (1985) 1147–1153. 
[4] J. Transon, R. d’Andrimont, A. Maugnard, P. Defourny, Survey of hyperspectral earth observation applications from space in the sentinel-2 context, Rem. Sens. 

10 (2) (2018). 
[5] J. Transon, R. d’Andrimont, A. Maugnard, P. Defourny, Survey of current hyperspectral earth observation applications from space and synergies with sentinel- 

2, in: 2017 9th International Workshop on the Analysis of Multitemporal Remote Sensing Images (MultiTemp), 2017, pp. 1–8. 
[6] G. Huadong, X. Jianmin, N. Guoqiang, M. Jialing, A new airborne earth observing system and its applications, IGARSS 2001. Scanning the Present and 

Resolving the Future. Proceedings. IEEE 2001 International Geoscience and Remote Sensing Symposium (Cat. No. 01CH37217) 1 (2001) 549–551, 1. 

A. Bhargava et al.                                                                                                                                                                                                     

http://refhub.elsevier.com/S2405-8440(24)09239-9/sref1
https://doi.org/10.3390/rs14236031
http://refhub.elsevier.com/S2405-8440(24)09239-9/sref3
http://refhub.elsevier.com/S2405-8440(24)09239-9/sref4
http://refhub.elsevier.com/S2405-8440(24)09239-9/sref4
http://refhub.elsevier.com/S2405-8440(24)09239-9/sref5
http://refhub.elsevier.com/S2405-8440(24)09239-9/sref5
http://refhub.elsevier.com/S2405-8440(24)09239-9/sref6
http://refhub.elsevier.com/S2405-8440(24)09239-9/sref6


Heliyon 10 (2024) e33208

13

[7] A. Wendel, Hyperspectral Imaging from Ground Based Mobile Platforms and Applications in Precision Agriculture; School of Aerospace, Mechanical and 
Mechatronic Engineering, The University of Sydney, Sydney, Australia, 2018. 

[8] B. Boldrini, W. Kessler, K. Rebner, R.W. Kessler, Hyperspectral imaging: a review of best practice, performance and pitfalls for in-line and on-line applications, 
J. Near Infrared Spectrosc. 20 (2012) 483–508 [CrossRef]. 

[9] F. Vasefi, N. Booth, H. Hafizi, D.L. Farkas, Multimode hyperspectral imaging for food quality and safety, in: A.I.L. Maldonado, H.R. Fuentes, J.A.V. Contreras 
(Eds.), Hyperspectral Imaging in Agriculture, Food and Environment, InTech, London, UK, 2018. 

[10] Y. Chen, J. Guerschman, Z. Cheng, L. Guo, Remote sensing for vegetation monitoring in carbon capture storage regions: a review, Appl. Energy 240 (2019) 
312–326 [CrossRef]. 

[11] G.A. Shaw, H.K. Burke, Spectral imaging for remote sensing, Linc. Lab. J. 14 (2003) 3–28. 
[12] S.E. Qian, Hyperspectral Satellites and System Design, CRC Press, Boca Raton, FL, USA, 2020. 
[13] N. Hagen, M.W. Kudenov, Review of snapshot spectral imaging technologies, Opt. Eng. 52 (2013) 090901. 
[14] B. Lu, P. Dao, J. Liu, Y. He, J. Shang, Recent advances of hyperspectral imaging technology and applications in agriculture, Rem. Sens. 12 (2020) 2659. 
[15] J.S. Pearlman, P.S. Barry, C.C. Segal, J. Shepanski, D. Beiso, S.L. Carman, Hyperion, a space-based imaging spectrometer, IEEE Trans. Geosci. Rem. Sens. 41 (6) 

(2003) 1160–1173. 
[16] B. Kunkel, F. Blechinger, R. Lutz, R. Doerffer, H. van der Piepen, M. Schroder, ROSIS (Reflective Optics System Imaging Spectrometer) - a candidate instrument 

for polar platform missions, in: J. Seeley, S. Bowyer (Eds.), Proc. SPIE 0868 Optoelectronic Technologies for Remote Sensing from Space, 1988, p. 8. 
[17] R.O. Green, M.L. Eastwood, C.M. Sarture, T.G. Chrien, M. Aronsson, B.J. Chippendale, J.A. Faust, B.E. Pavri, C.J. Chovit, M. Solis, M.R. Olah, O. Williams, 

Imaging spectroscopy and the airborne visible/infrared imaging spectrometer (AVIRIS), Remote Sens. Environ. 65 (3) (1998) 227–248. 
[18] S. Babey, C. Anger, A compact airborne spectrographic imager (casi), Quantitative Remote Sensing: An Economic Tool for the Nineties 1 (1989) 1028–1031. 
[19] T. Cocks, R. Jenssen, A. Stewart, I. Wilson, T. Shields, The hymaptm airborne hyperspectral sensor: the system, calibration and performance, in: Proceedings of 

the 1st EARSeL Workshop on Imaging Spectroscopy, EARSeL, 1998, pp. 37–42. 
[20] L.J. Rickard, R.W. Basedow, E.F. Zalewski, P.R. Silverglate, M. Landers, Hydice: an airborne system for hyperspectral imaging, in: Imaging Spectrometry of the 

Terrestrial Environment, 1937, International Society for Optics and Photonics, 1993, pp. 173–180. 
[21] A. Eckardt, J. Horack, F. Lehmann, D. Krutz, J. Drescher, M. Whorton, M. Soutullo, Desis (dlr earth sensing imaging spectrometer for the iss-muses platform), 

in: 2015 IEEE International Geoscience and Remote Sensing Symposium (IGARSS), IEEE, 2015, pp. 1457–1459. 
[22] R.C. Gonzalez, Digital Image Processing, Pearson, London, U.K., 2009. 
[23] R. Smith, Introduction to Remote Sensing of the Environment, 2001 [Online]. Available: http://www.microimages.com. 
[24] J.R. Jensen, Introductory Digital Image Processing: A Remote Sensing Perspective, Pearson, London, U.K., 2005. 
[25] J. Thau, ′′Temporal resolution,’’, in: Encyclopedia of GIS, Springer, New York, NY, USA, 2008, pp. 1150–1151, https://doi.org/10.1007/978-0-387-35973- 

11376 [Online]. Available:. 
[26] R.N. Clark, G.A. Swayze, ′′Mapping minerals, amorphous materials, environmental materials, vegetation, water, ice and snow, and other materials: the USGS 

tricorder algorithm,’’, Proc. Summaries 5th Annu. JPL Airborne Earth Sci. Workshop 1 (1995) 39–40. 
[27] M.J. Khan, H.S. Khan, A. Yousaf, K. Khurshid, A. Abbas, Modern trends in hyperspectral image analysis: a review, IEEE Access 6 (2018) 14118–14129, 

10.1109/ACCESS.2018.2812999. keywords: {Hyperspectral imaging;Spatial resolution;Imaging;Safety;Agriculture;document images;food quality and safety; 
hyperspectral imaging;medical imaging;remote sensing}. 

[28] G.A. Shaw, H.K. Burke, ′′Spectral imaging for remote sensing,’’, Linc. Lab. J. 14 (1) (2003) 3–28. 
[29] Guolan Lu, Baowei Fei, Medical hyperspectral imaging: a review, J. Biomed. Opt. 19 (1) (20 January 2014) 010901, https://doi.org/10.1117/1. 

JBO.19.1.010901. 
[30] K. Chao, Y.R. Chen, H. Early, B. Park, ′′Color image classi_- cation systems for poultry viscera inspection,’’, Proc. SPIE 3544 (Jan. 1999) 363–369. 
[31] Lu, J. Tan, P. Shatadal, D.E. Gerrard, ′′Evaluation of pork color by using computer vision,’’, Meat Sci. 56 (1) (2000) 57–60. 
[32] J. Tan, ′′Meat quality evaluation by computer vision,’’, J. Food Eng. 61 (1) (2004) 27–35. 
[33] M.G. Sullivan, D.V. Byrne, H. Martens, L.H. Gidskehaug, H.J. Andersen, M. Martens, ′′Evaluation of pork colour: prediction of visual sensory quality of meat 

from instrumental and computer vision methods of colour analysis,’’, Meat Sci. 65 (2) (2003) 909–918. 
[34] L. Faucitano, P. F. Teuscher Huff, C. Gariepy, J. Wegner, ′′Application of computer image analysis to measure pork marbling characteristics,’’, Meat Sci. 69 (3) 

(2005) 537–543. 
[35] H. Huang, L. Liu, L.M. Ngadi, C. Gariépy, ′′Prediction of pork marbling scores using pattern analysis techniques,’’, Food Control 31 (1) (2013) 224–229. 
[36] R. Rødbotten, B.N. Nilsen, K.I. Hildrum, ′′Prediction of beef quality attributes from early post mortem near infrared re_ectance spectra,’’, Food Chem. 69 (4) 

(2000) 427–436. 
[37] M. Prevolnik, et al., ′′Predicting intramuscular fat content in pork and beef by near infrared spectroscopy,’’, J. Near Infr. Spectrosc. 13 (2) (2005) 77–85. 
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