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Abstract: The non-invasive nutritional analysis of feed through images captured by hyper-
spectral cameras represents an innovative and promising approach in the field of biotech-
nology. With this technology, it is possible to capture images at multiple wavelengths and
identify unique spectral patterns associated with different molecular components, such as
total fat and moisture. The technique is particularly valuable in biological environments,
enabling a more detailed and comprehensive analysis of the presence and distribution of
nutrients. The objective of this work was to perform a nutritional pre-characterization of
Hermetia illucens (Black Soldier Fly-BSF) larvae meal, using hyperspectral images in the
range of 400-1000 nm, with a spectral resolution of 7 nm and a spatial sampling of 512 pixels,
and correlate them to traditional chemical analysis methods. The results were also com-
pared to wheat flour samples. The chemical results of BSF meal indicated 7.2% =+ 0.05%
(w/w) and 28.15% =+ 0.15% (w/w) in moisture and total fat content, respectively. When
compared to wheat flour, BSF meal contains less total fat and this difference was clearly
identified in the spectra derived from the hyperspectral images, which underscores the
efficiency and utility of multispectral cameras to conduct real-time and non-destructive
analyses. Furthermore, this analysis can be extended to other components (e.g., protein
content), increasing the potential of the technique for feed characterization.

Keywords: hyperspectral imaging; insect meal; black soldier fly; Hermetia illucens;
molecular fat content

1. Introduction

Recently, the European Union approved a regulation allowing the use of insect meal for
feed production, especially aquafeed [1]. This regulation included seven approved insects:
Hermetia illucens (black soldier fly), Gryllodes sigillatus (tropical house cricket), Gryllus
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assimilis (Jamaican field cricket), Acheta domesticus (house cricket), Alphitobius diaperinus
(small mealworm), Tenebrio molitor (yellow mealworm), and Musca domestica (common
housefly) [2].

Although the Black Fly Soldier (BFS), H. illucens, is not yet approved for human
consumption, its larvae gained a special status in recent years due to its potential to convert
organic waste and manure into high-quality, nutrient-rich protein [3]. For this reason, BFS
meal has been used in poultry [4,5], swine [6], and aquaculture [7] industries as feed or for
specific manure management (e.g., botanical origin, composition, etc.).

In this regard, the search for methodologies to analyze the nutritional compounds
of these insects has been steadily increasing. Comprehensive research on the molecular
(nutritional) composition of these insects is necessary, using physicochemical, safe, ac-
curate analytical methods that preferably do not destroy the samples, and that comply
with food safety and control standards. Currently, it is possible to obtain results on the
physicochemical composition through the application of image analysis in scientific and
analytical fields.

Spectral imaging combines imaging and spectroscopy to capture both spatial and
spectral information. By examining the spectral signatures of different regions within
an image, researchers can identify and quantify the presence of specific chemical com-
pounds or elements. This technique is particularly useful in areas such as remote sensing,
biomedical imaging, and environmental monitoring [1,3,7]. The use of images offers a
non-destructive and non-contact approach for sample analysis, providing valuable insights
into material properties, aiding quality control, and supporting research across various
scientific and industrial fields. However, it is essential to implement appropriate image
acquisition techniques, as well as calibration and validation methods, to ensure accurate
and reliable results [8-10]. In recent years, many authors have reported the use of near-
infrared hyperspectral imaging (NIR-HSI) to assess quality attributes in food and other
products [9,11].

Alamu et al. (2019) [8] conducted a review on the use of NIR-HSI as a high-throughput
phenotyping tool for root and tuber cultures. Several authors describe the application
of this tool for physicochemical analysis, such as the biochemical composition of starch,
potatoes, sweet potatoes [12,13], fungal growth in rice, sugar content, and color of potato
tubers [12,14]. NIR-HSI is a powerful method for the non-destructive evaluation of various
quality characteristics of processed and raw foods [11]. These techniques, when integrated
with established laboratory quality control methods, such as control charts, can optimize
data analysis by enabling more rigorous monitoring and facilitating the identification and
correction of deviations. The application of the control line in the respective control chart
allows for the early detection of potential errors in the treatment process, ensuring greater
reliability of results. The combination of these methodologies enhances the efficiency and
accuracy of data processing, contributing to the continuous improvement of laboratory
procedures [15,16].

NIR-HIS allows for capturing images at multiple wavelengths, enabling the identifica-
tion of unique spectral patterns associated with various molecular components, such as
humidity and fat. Based on the available literature [15-17], the spectral regions associated
with moisture and fat parameters have been investigated. For instance, moisture is linked
to spectral ranges at 970 nm and 1410 nm [15], while fat is associated with spectral ranges
at 928 nm, 1170 nm, and 1190-1390 nm [16]. Zhou et al. (2023) [17] used HSI with effective
band range of 387-1035 nm to identify honey varieties and the adulteration of single honey
varieties with different mass fractions of fructose syrup; to detect peanut mildew [18]; and
also for the identification of adulterated safflower seed oil [19].
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In this study, the authors performed a nutritional pre-characterization of Hermetia
illucens (Black Soldier Fly-BSF) larvae meal, relating to moisture and crude fat composition,
using hyperspectral images, and compared the results to traditional wheat flour (type 65).

2. Materials and Methods
2.1. Samples

Black soldier fly (BSF) larvae were supplied by EntoGreen® (Santarém, Portugal).
Following the biodigestion process, the larvae were sieved to separate them from the frass,
slaughtered, and dehydrated using microwave technology. They were then packed in heat-
and humidity-resistant packaging and sent to IPBeja. Prior to the analyses, the samples
were ground and processed into larval meal. The wheat flour was purchased in the form of
flour 65 commercial model.

2.2. Moisture and Total Fat Content Determination

Moisture content was determined using the oven-drying method. Approximately 10 g
of each sample were placed in pre-weighed porcelain capsules and dried at 105 °C for 3 h.
After cooling in a desiccator for 30 min, the samples were weighed to a constant weight.
Analyses were performed in triplicate. For crude fat content, a total of 3 g of dry flour was
sampled from each batch for total fat analysis, which was performed using the Soxhlet
extraction method. The procedure involved a prior acid hydrolysis step to release bound
lipids, followed by the use of ethanol as the solvent, with the extraction process carried out
over three complete cycles to ensure thorough crude fat recovery.

2.3. HSI Data Acquisition

In this study, the HSI samples were acquired with a line scan push broom cam-
era, the Specim IQ [20], equipped with a VNIR (400-1000 nm) CMOS sensor with the
following specifications: a spectral resolution (FWHM) of 7 nm, a spatial sampling of
512 pixels, 204 spectral bands, a pixel size of 17.58 pm x 17.58 pm, and 12-bit data output
(Figure 1). This configuration achieves a peak quantum efficiency greater than 45%, a
full-well capacity > 32 k e~ and a signal-to-noise ratio greater than 400:1. After the scan,
the final image has 512 x 512 pixels of spatial resolution. This model is equipped with
a 21 mm focal length F/2.2 objective with a FOV of 0.55 x 0.55 m, at a distance of 1 m.
Although portable, the system presents specifications and performance similar to labora-
tory cameras. Moreover, the computational power installed in the system (NVIDIA Tegra
K1 GPU and Kepler Mobile CPU) allows the processing of the raw data and visualization
of the samples’ reflectance spectra on the camera-integrated display. This is particularly
helpful in evaluating data immediately after the acquisition.

When the camera is switched on, the system performs an automatic internal verifi-
cation of the current spectral range calibration. If the date of the last check is older than
30 days, the system requests a new validation check. The procedure, as described by the
manufacturer [21], involves scanning the white reference and the calibration tile simultane-
ously (Figure 2). After the data acquisition, the system compares the obtained reflectance
values with the internal calibration data and warns if there is any deviation that requires a
factory calibration. This procedure ensures that data cubes are acquired within the intended
spectral range and that the reflectance for each spectral band is adequately computed. For
this study, a validation check was performed, and no deviations were detected.
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Figure 1. Detail of the experimental apparatus: (a) Hyperspectral camera, (b) BSF meal sample, and
(c) white reference, over a Teflon® sheet (black sheet).

Figure 2. Experimental setup during the Specim IQ spectral range calibration check: (a) White
reference and (b) calibration tile (SN: 190-110766), provided by the manufacturer (bottom left corner);
(c) camera; (d) projectors with halogen lamps.

During the scans, whether for calibration check or data acquisition, the targets were
simultaneously illuminated using two ARRI Arrilite 750 Plus projectors, each equipped
with a 750 W G9.5 2-pin HPL OSRAM halogen lamp, positioned behind the camera as
shown in Figure 2, to ensure uniform lighting. The projectors were placed at a distance
of approximately 1.5 m to prevent overheating of both the camera and samples. A stable
illumination was achieved after approximately 4 min of preheating (see Supplementary
Materials for details).

For each data acquisition, the samples and the white reference (Figure 3) The data
is saved in ENVI format, consisting of a flat-binary raster file accompanied by an ASCII
header file [22]. For processing, the ENVI files are converted into corresponding datacubes,
represented as 3D arrays (xyA), with 512 x 512 spatial pixels (xy), and 204 spectral bands
(A). Each “hyper-pixel” at spatial coordinates (x, y) is a vector with 204 components, one
for each band, representing the intensity of the spatial pixel across all bands (Figure 4).
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Figure 3. (a) Wheat flour and (b) BSF larvae meal, with the (c) white reference disposed on a Teflon®
sheet, during HSI acquisition in simultaneous mode. The white reference is used by the acquisition
system to convert the raw measurements into reflectance (a spectral range calibration check with a
valid result is required).

Figure 4. Simplified version of the hypercubes generated during the HSI acquisition. Each layer
(XY plane) corresponds to spatial data for a specific band, characterized by its central wavelength
(A). A hyper-pixel, illustrated as red squares, is a vector whose components represent the reflectance
values associated with each band, forming a spectrum.

2.4. Spectra Processing

During each acquisition, three datasets are generated by the system: (i) the raw data
cube (RD) with the intensities of measured light from the scanned target; (ii) a dark frame
(D) captured without illumination to remove the sensor noise (temperature and integration
time dependent) and bad pixels (e.g., hot pixels); (iii) a white (W) reference frame, captured
from the scanned area of the white reference (WR) tile, to take into account the spectrum
of the illumination source for reflectance computation. The white frame not only contains
information on the signal of the source but also on the response of the camera system
(optics, sensor, electronics) and how it affects the measured spectrum. In theory, the WR tile
has a reflectance of 100% without any spectral features. However, in practice, the presence
of small deviations from this ideal value will introduce perturbations in the processing of
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the raw data cube. The reflectance computation is performed according to the following
equation [20]:
_RD(t1)=D(t) *t

R= W) —Ddh) <4

(1)

where t; (k = 1, 2) refers to the integration times to acquire the data cubes. During this
study, the WR tile was always present during the data acquisition (simultaneous mode),
and both times are equal.

HSI acquisition was conducted using samples from the same batch of wheat flour and
BSF larvae meal as those used for the analytical characterization in order to have comparable
results. To define the representative spectra of each sample, a python script was created in
order to perform all the computations. The process involves the following steps:

1.  Normalization of the bands to allow pixel intensity comparison between different
hypercubes and definition of a Region Of Interest (ROI) within the sample (Figure 5);

(a) (b)
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> >

300 300 04
400 400 0.2
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X X

Figure 5. Band 200 (A = 994.31 nm) of the wheat flour (a) and BSF meal (b), after normalization, with
a 40 x 30 pixels ROI (cyan rectangle) used for mean spectrum computation.

2. Computation of the mean spectra of the pixels inside the ROI, for noise reduction and
increase representativeness (Figure 6).
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Figure 6. Mean spectrum inside the ROI computed with 1200 pixels (pale blue lines), for the wheat
flour (a) and the BSF larvae flour (b) samples.
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3. Mean spectrum pre-processing (Figure 7):

a.  Computation of the Standard Normal Variate to reduce variability introduced
by particle size, surface scattering effects, and correct baseline shifts [23];

b.  Determination of quantitative similarity metrics for the SNV-transformed spec-
tra of each sample: Spectral Angle Mapper (SAM) [24], and Pearson Coefficient
of Correlation;

c. Application of the Savitzky-Golay filter with a 7-points window and a 2nd
order polynomial, for noise reduction, and 2nd derivative computation (SGd2)
to highlight spectral features, namely, absorption peaks not visible in the raw
spectrum [25].
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Figure 7. Mean spectrum processing: (a) Wheat flour spectrum after Standard Normal Variate (SNV)
transformation; (b) Wheat flour spectrum + SNV after applying the SGd2 filter; (c) BSF larvae meal
spectrum after Standard Normal Variate (SNV) transformation; (d) BSF larvae spectrum + SNV after
applying the SGd2 filter.

3. Results and Discussion

Table 1 summarizes the results of the evaluated parameters for BSF meal and wheat
flour, obtained using standard analytical methods. For wheat flour, the moisture and
total fat contents were approximately 3% and 1%, respectively. Typically, wheat flour
has a moisture content ranging from 10% to 14%, depending on the type and storage
conditions, [26,27] which differs from the values observed in this study. In contrast, the
total fat content of wheat flour is generally low, approximately 1%, aligning with the results
obtained in this study.
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Table 1. Evaluated parameters for BSF meal and wheat flour using standard analytical methods (in

g/100 g of samples).
Parameters BSF Meal (%) Wheat Flour (%)
Moisture 7.20 £ 0.07 3.10 £0.13
Crude fat 28.40 +0.21 1.00 £ 0.07
Other compounds ! 64.40 £ 0.18 95.90 £ 0.13

1 Protein, fiber, high-quality amino acids, minerals, among others.

Regarding BSF meal, higher moisture and total fat contents were observed, reaching
approximately 7% and 28%, respectively. According to previous studies [15], the water
content in BSF meal ranges from 8% to 15%, while the total fat content varies between 20%
and 40%, depending on the larval lifespan. Compared to wheat flour, BSF meal exhibits
higher percentages for both parameters. In both cases, other compounds were quantified,
which may correspond to protein, fiber, high-quality amino acids, minerals, etc. [28,29]. The
BSF meal sample provided by the company is defatted, so its fat content may vary when
compared to other studies in the literature where whole meal was evaluated. However,
another factor that may contribute to these differences in fat content is the substrates
used to feed the larvae [30]. According to Gutierrez et al. (2020) [31], the effect of diet
is closely related to the nutrient composition of the insect feeding substrates. Normally,
the results found in the literature indicate that BSF meal contains 50% crude protein, 35%
lipids, and has a quite interesting amino acid profile [32]. However, the sample used in this
study does not represent the standard BSF or company production pad, where it is only
partially degreased. This process involves pressing several dehydrated larvae to remove
a large percentage of fat, which justifies the lower fat percentage observed compared to
other studies.

The similarity of both spectra can be evaluated using several metrics, namely, the
Pearson correlation coefficient and the Spectral Angle Mapper (SAM) [24], which computes
the angle between the two SNV-transformed spectra when viewed as vectors in a multi-
dimensional space, with the number of dimensions equal to the number of bands in the
hypercube. A small value of the angle indicates that the vectors are closely aligned in that
space, which in turn means that the spectra are similar. In the case of the Pearson coeffi-
cient, a value close to one indicates a strong correlation between the spectra. Considering
the mean spectra of the samples, the computed value SAM is 0.664, which indicates the
presence of significant differences. On the other hand, the value of 0.787 for the Pearson
correlation coefficient indicates a strong correlation between the two spectra caused by the
presence of common features and components (e.g., water and fat).

To correlate the analytical and spectral results, the focus will be on identifying spectral
signatures of fat and water content in the samples, typically associated with the presence
of C-H and O-H functional groups, respectively [15]. Within the wavelength of data
acquisition, it is possible to identify in the SGd2 plots (Figure 8a) absorption features
associated with those groups, namely, the C-H 3rd and O-H 2nd overtones in the region
800-1000 nm [16], and 401 nm + 449 nm peaks, associated, respectively, to the shoulders
due to the 7th and 8th harmonics of the O-H fundamental stretching mode [33]. These
features are indicative of the presence of water and fat content. When correlated with the
reflectance spectra of each sample (Figure 8b), it is evident that the BSF sample exhibits
higher absorption (lower reflectance) in each case, consistent with the analytical results.
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Figure 8. Comparison of processed spectra of BSF larvae meal and wheat flour: mean spectra of each
sample derived from the ROI (b); corresponding spectra processed with SNV and SGd2 filtering (a).
Vertical dashed lines indicate the positions of the relevant absorption features.

4. Conclusions

Hyperspectral imaging is a powerful tool for the characterization of a broad range of
materials, namely food and feed components. The objective of this work was threefold:
(i) develop a generic HSI processing tool in python, agnostic in terms of hypercube dimen-
sions; (ii) develop a procedure that combines analytical assays and HSI acquisition, in or-der
to establish a correlation between the two sources of data; and (iii) apply the procedure to
real components: a common food component (wheat flour) and a feed component (BSF
larvae meal).

From an operational perspective, the study demonstrates that it is possible to obtain a
quantitative and qualitative correlation between analytical results and HSI methodologies
for food or feed product component characterization, specifically regarding moisture
and total fat parameters, even when only the 400-1000 nm spectral range is considered.
However, to fully exploit the characterization capabilities of the HSI methodology; it is
essential to acquire data in the NIR above 1000 nm and up to 2500 nm. This extended range
would allow for the detection of critical spectral features, particularly those associated with
protein content. Future work will address this spectral range extension and the continuous
upgrade of the software to include different HSI processing tools.

In the future, the interactions between different feed components and the specific
applications of hyperspectral technology in real-time quality control can be further explored
to enhance their translational value. This topic has been growing in recent years and will
play a crucial role in establishing important correlations for the health and food industries.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/app15073822/s1, Figure S1. Band 80 (A = 631.15 nm) and definition
of the ROI (170 x 100 pixels): WR (cyan), and CT (orange). The circles were used to align the ROI;
Figure 52. Mean spectrum of each tile: WR (cyan) and CT (orange). The bands correspond to the
17000 spectra obtained from the entire ROI of each tile; Figure S3. Mean spectra derived from the RO],
for each tile: (a) WR and CI band (cyan); (b) CT and CI band (orange). For each mean spectrum the
99% Cl is presented; Figure S4. Mean spectra derived from the RO], for each tile, for heating times 4,
6,8, 12 min: (a) WR and CI band (cyan); (b) CT and CI band (orange). For each mean spectrum the
99% Cl is presented; Figure S5. Mean spectra derived from the RO, for each tile, for heating times 16,
20, 24, 28 min: (a) WR and CI band (cyan); (b) CT and CI band (orange). For each mean spectrum the
99% Cl is presented (dark line); Figure S6. Variation of the 99% CI: (a) CI for each wavelength for all
heating times for the WR mean spectrum (blue) and the CT mean spectrum (orange); (b) Maximum
and minimum CI across the wavelengths for each heating time for the WR (blue) and the CT (orange).
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The dashed lines show the linear data fit. The heating time shows no significant influence on the CI
of the mean spectra of either tile; Figure S7. Pearson correlation coefficients for each pair of spectra
obtained with different heating times: (a) WR spectra; (b) CT spectra; Figure S8. Spearman rank
correlation coefficients for each pair of spectra obtained with different heating times: (a) WR spectra;
(b) CT spectra.
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