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Abstract

Black soldier fly (BSF) is an established gear in the global bioeconomy. Presently, the use of black soldier fly
larvae (BSFL) has been emphasised with recycling organic side-streams to produce products of value; however,
due to regulatory and other factors, the process has limited profitability in Global North nations. Consequently,
research over the past decade has in part focused on methods for optimisation. The objective of this pilot
study was to determine whether Fourier-transform infrared spectroscopy (FT-IR) could be used as an automated
system for determining harvest time of individual pans of BSFL at a large scale. Pan material was collected
from four independent rearing units containing approximately equal portions of BSFL fed a wet Gainesville diet
over a 16-day growth period. FT-IR spectra were used to train and optimise chemometric and machine learning-
based classification models, with emphasis on identifying the best-performing algorithm and hyperparameter
configuration for distinguishing ready-to-harvest larvae from others. External validation demonstrated that FT-
IR coupled with eXtreme gradient boosting discriminant analysis achieved greater than 85% balanced accuracy
with precision and recall in classifying not ready vs ready-to-harvest larvae. Notably, the model exhibited a
conservative bias toward ‘not ready’ classifications in cases of uncertainty, which is operationally favourable in
industrial settings where premature harvesting can reduce yield and product quality. These results suggest that
FT-IR-based chemometricmonitoring, when integratedwithmachine learning, offers a viable pathway toward real-
time, automated harvest decision-making in BSF production systems, ultimately supporting more efficient and
economically sustainable bioresource utilisation.
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1 Introduction

The black soldier fly (BSF), Hermetia illucens (Linnaeus)
(Diptera: Stratiomyidae), is a non-pest insect when
properly managed, whose larvae exhibit great potential
for sustainable waste management. As has been repeat-

edly demonstrated, black soldier fly larvae (BSFL) recy-
cle awide variety of organicwaste streams by converting
them into protein- and lipid-rich biomass throughout
their life cycle (Sheppard et al., 1994). In fact, result-
ing BSFL can consume a wide variety of organic matter
such asmanure, kitchenwaste and fruits and vegetables
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(Nguyen et al., 2015), which opens the possibilities to be
used for recycling organic residues from various facets
of society (e.g. home to agriculturalwaste streams).

BSFL have been successfully employed as a partial
feed substitute for swine (Newton et al., 1977), poultry
(Zhang et al., 2021) and pets (Jian et al., 2022). They have
also proven useful in aquaculture as supplemental fish
feed, maintaining the growth of fish (St. Hilaire et al.,
2007a,b; Yamamoto et al., 2022). Moreover, these larvae
exhibit potential to promote health as a dietary ingredi-
ent for pets and fish (Mouithys-Mickalad et al., 2020). As
a feed additive, BSFL can improve immune responses in
animals such as broilers, decreasing theirmortality rates
and enhancing their ability to fight infection (Zhang et
al., 2021). These examples shed light on the potential
BSFL hold as a nourishment alternative in a variety of
animals.

Relatively low waste is generated from this system.
In fact, the resulting frass (i.e. residual remaining of the
feedstock after digestion by the BSFL) has been shown
to serve as a nutrient-rich soil amendment/fertiliser that
is safe for plant growth (Chavez et al., 2023, 2024, 2025)
and promotes soil health (Jiang et al., 2025). Hence,
even the ‘waste’ that BSFL produce after consuming
substrates can be reused to nourish vegetation, further
supporting this insect’s capability in sustainable waste
management. These ecological and agricultural benefits
highlight the key role that BSFL play in a circular econ-
omy. While all of these values have been demonstrated
for the BSFL system, industrialisation in Global North
nations or developed countries, has been challenging in
part due to costs associated with the production of the
insect (Tariq et al., 2025).

Successful development of the BSF industry is par-
tially driven by stable production of BSF, while reduc-
ing associated costs. Low variation (e.g. weight of larvae
produced, bioconversion rate, survival, nutritional qual-
ity) allows for industry to project outputs and to arrange
client engagements without concerns of not meeting
expectations. In regions where mechanisation has been
employed, greater efficiencies have been gained; how-
ever, variation still exists. For example, when working
with a batch systemwhere large numbers of pans are set
up at the same time, they do not ‘cure’ at the same rate
(Tomberlin et al., unpublished data). In this example,
‘curing’ is in reference to the larvae growing to the tar-
geted harvest weight. Consequently, variation in weight
impacts total amounts generated of larvae aswell as the
bioconversion of waste streams to insect biomass and
their own residualwaste (i.e. frass).

Abiotic and biotic factors impact BSFL growth pat-
terns and the bioconversion process, resulting in vari-
ation. Abiotic factors include nutrient profile of the
substrate (Grossule et al., 2025) and concentration,
scale (e.g. pan dimensions) (Yang and Tomberlin, 2020),
temperature (Myers et al., 2008), pH (Ma et al., 2018,
Meneguz et al., 2018) and moisture of diets (Holmes et
al., 2012). Biotic factors include fly population (Zhou et
al., 2013), density (Barragan-Fonseca et al., 2018) and
microbial communities (Yu et al., 2024) associated with
the feedstock.

In efforts to industrialise BSFL production and reduce
variability across rearing systems, recent studies have
emphasised automated sensing and monitoring tech-
nologies capable of improving process consistency.
Deep-learning models enhanced with optical flow can
autonomously recognise larval stages, supporting large-
scale production with greater precision and sustain-
ability while optimising resource management (Man-
duca et al., 2025). Automation and Internet of Things
(IoT)-based environmental controls that stabilise tem-
perature, humidity and light intensity further demon-
strate the transition toward digitally managed biocon-
version facilities (Manduca et al., 2025). Non-contact
sensing platforms, including hyperspectral imaging,
RGB cameras and thermal sensors have also been pro-
posed for integration directly into production lines
(Proietti et al., 2022). However, many analytical pro-
cedures remain difficult to implement at scale and
hyperspectral systems may require improved illumina-
tion to achieve reliable discrimination (Proietti et al.,
2022). Vibrational spectroscopy, particularly infrared
(IR) methods, has emerged as a promising strategy
for strengthening process control while aligning with
circular-economy principles. Unlike destructive and
energy-intensive traditional analyses, IR spectroscopy
is rapid, non-destructive and reagent-free, making it
suitable for industrial environments (Alagappan et al.,
2024). Attenuated total reflectance (ATR) mid-infrared
(MIR) spectroscopy has demonstrated the ability to
classify larvae according to waste-stream diet (R2 >
0.80), supporting traceability and risk evaluation dur-
ing production (Hoffman et al., 2022). Presently, adop-
tion remains limited due to a deficiency in training and
deep understanding of spectroscopy and chemometrics,
consequently leading to reliance on conventional mea-
surements (Alagappan et al., 2024). Building on these
advances, the proceeding study addresses the need
for scalable monitoring by applying IR spectroscopy
directly to pan material (the combined matrix of BSFL
substrate and frass), whichmay provide amore compre-
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hensive indicator of BSFL pan health and help reduce
batch-to-batch variation.

2 Materials andmethods

Black soldier fly colonymaintenance
The BSF colony operated in this study is located at
the Forensic Laboratory for Investigative Entomologi-
cal Sciences (F.L.I.E.S.) Facility at Texas A&M Univer-
sity in College Station, TX, USA. The standard diet used
for rearing BSFL, the Gainesville diet, consists of 50%
wheat bran, 30% alfalfa and 20% cornmeal at 70%
moisture (Hogsette, 1992). Colony maintenance is mod-
ified from Sheppard et al. (2002) and follows the tech-
nique described by Tomberlin et al. (2023) in patent
number US12490725B2. Adult BSF were kept in a 1
(W) × 1 (H) × 2 (L) m cage within a greenhouse set
at approximately 27−30 °C and 70% RH (Cammack
and Tomberlin, 2017). Adult BSF laid eggs in a plas-
tic egg trap on top of a 5.7-litre Sterilite plastic con-
tainer (Sterilite, Townsend, MA, USA) filled with 1 kg
of wet Gainesville, approximately 500 BSFL (Cammack
and Tomberlin, 2017) and a border of dry Gainesville
to prevent larvae escape, all covered with a mesh lid.
Eggs were collected within 24 hours of being laid and
put in a 30 ml Dart plastic cup (Dart Container, Mason,
MI, USA) that was placed into an 800 ml Ball mason
jar (Ball, Westminster, CO, USA). The jar was covered
with a paper towel and secured with a jar ring, then
stored in a Rheem Environmental Chamber (Rheem
Manufacturing, Atlanta, GA, USA) at 27 °C, 70% RH
and 14:10 light/dark cycle until hatching. Upon hatch-
ing, 0.616 ml of neonates (approx. 13 000 BSF neonates)
were placed directly on top of 220 g of wet Gainesville
inside a 473mlUline plastic deli container (Uline, Pleas-
ant Prairie, WI, USA), which was then topped with
approx. 35 g of dry Gainesville. Four replicates of these
containers were made and stored in the Rheem Envi-
ronmental Chamber uncovered, with the same settings
as previously mentioned. After three days, containers
were covered with porous lids for breathability. After
one month, each container was transferred to its own
27-litre Sterilite plastic pan (Sterilite) that contained
4 kg of wet Gainesville substrate for larvae to feed on. A
border of 1 kg of dry Gainesvillewas applied to each pan
to prevent larvae escape. The pan size and feed amount
used in this study are comparable to those described
as industrial-scale in previous BSFL production stud-
ies (Miranda et al., 2020, Yang and Tomberlin, 2020).
Each of the four pan replicates were labelled A, B, C

or D and stored in the Rheem Environmental Chamber
with the same settings. The date of assembly of pans is
referred to as Day 0. Panswere kept in this incubator for
the remainder of larval development until Day 16 when
larvae were harvested. On Days 7-11, each pan was sup-
plementedwith 1 kg wet Gainesville per day, in between
the hours of 10:00-13:00.

Sample collection
Pan material was obtained for FT-IR scanning on Days
1-16 at approximately 09:00 each morning. Every day,
approximately 5 g of frass was shovelled from the top
layer of each pan replicate (A, B, C and D), result-
ing in four primary samples collected each day. These
primary samples of pan material were weighed on an
Ohaus Scout Pro SP401 balance (Ohaus, Parsippany, NJ,
USA). Then, the primary samples were placed in sep-
arate 473 ml Uline plastic deli containers and capped
with a porous lid. They were labelled A, B, C or D, cor-
responding to the respective pan replicate from which
the sample was taken. Samples of the Gainesville diet
without larvae present were also obtained as a baseline
reference for the input material.

Fourier-transform infrared (FT-IR) spectroscopy
The instrument used to collect spectral data of pan
material each day, as well as food alone, was a Spec-
trum 100 IR spectrometer (PerkinElmer, Shelton, CT,
USA). The wavenumber range was 800 to 4000 cm−1
with 10 cumulative scans at a resolution of 2 cm−1. Every
day, three subsamples of pan material were obtained
from each primary sample for FT-IR analysis. In order
to obtain and scan each subsample, a spoon was used
to scoop enough pan material from the corresponding
primary sample to completely cover the ATR crystal. A
force of 70 N was applied using a flat anvil. With four
primary samples (from the four pan replicates), this pro-
duced a total of 12 pan material subsamples analysed
every day. Three FT-IR spectra were acquired per sub-
sample, which generated a total of 36 spectra recorded
per day. Spectrawere visualised using PerkinElmer spec-
trum express software. This process was completed on
Days 1-16.

Data analysis
All spectra were trimmed to the 880-1470 cm−1 range
to reduce edge noise and water contribution so that
only spectral regions unaffected by waterwere retained.
Then, spectra were baseline-corrected using the adap-
tive smoothness least squares (ASLS) algorithm (λ = 1e7,
p = 0.005), smoothed using 1st order Savitzky-Golay fil-

Journal of Insects as Food and Feed 0 (2026) 1–20



4 A.P. Lubrano et al.

tering (window length = 6) and area-normalised before
analysis, in that order. This process was done using
NumPy, pandas, SciPy, pybaselines and scikit-learn in
Python 3.13. A visual demonstration of our data before
and after preprocessing, as well as a water signal for ref-
erence, is presented in Figure A1 in the Appendix.

Three machine learning models were tried in this
experiment: partial least squares discriminant analysis
(PLS-DA), eXtreme gradient boosting discriminant anal-
ysis (XGB-DA) and artificial neural network discrim-
inant analysis (ANN-DA). These models were chosen
due to their establishment as robustmodels throughout
spectral machine learning, incorporating both flexible
and non-flexible threshold decisions (Barton et al., 2022,
Holman et al., 2024, Yang et al., 2019). Model hyper-
parameters were automatically tuned via grid search
5-fold cross-validation where the model is trained on
4 folds (or 80% of the data), tested on the remaining
fold (20%) and then re-trains the model 4 more times
until all of the data has been seen during testing. Models
were selected using the highestmacro-averaged F1 score
(Macro F1) from the mean performance of all folds fol-
lowing cross-validation.On the other hand, PLS-DA con-
tains a single primary tuneable parameter, the number
of latent variables (LVs).While increasing the number of
LVs can improve apparent fit to the training data, exces-
sive model complexity increases the risk of overfitting
and leads to overly optimistic performance estimates
that do not generalise to unseen data (Westerhuis et al.,
2008). Accordingly, model complexity was controlled
by selecting the optimal number of LVs at the point
where classification efficiency for the cross-validation
and independent test sets converged, thereby balanc-
ing explanatory power and generalisability (Pomerant-
sev and Rodionova, 2025). Table A1 in the Appendix
provides a short description of each model, as well as
the optimisable parameters and the associated Python
libraries used for their implementation.

Additionally, model-specific variable-importance
analyses were performed to visualise which IR bands
contributed most strongly to class discrimination. For
PLS-DA models, variable contributions were assessed
using Variable Importance in Projection (VIP) scores,
which summarise the influence of each spectral vari-
able on the latent structures that maximise covariance
between predictors and class membership. For XGB-DA
models, spectral importance was quantified using the
mean decrease in impurity (Gini importance) aggre-
gated across all trees, reflecting the extent towhich each
IR band reduced classification error through node split-
ting. ForANN-DAmodels, variable importancewas eval-

uated using permutation importance, calculated as the
decrease in classification performance observed when
the values of each IR band were randomly permuted
thirty times, thereby estimating the dependence of the
trained network on individual spectral regions. Collec-
tively, these complementary approaches provide inter-
pretable insight into the spectral features driving model
decisions while accounting for the differing mathemat-
ical structures of linear, tree-based and neural-network
classifiers.

Accuracy, Macro F1, sensitivity, specificity, false posi-
tive rate (FPR) and false negative rate (FNR) were calcu-
lated for each model, where applicable, to comprehen-
sively evaluate diagnostic performance. Accuracy was
defined as the proportion of correctly classified spec-
tra relative to the total number tested and provides a
general measure of overall correctness; however, it can
be misleading in the presence of class imbalance. To
address this limitation, Macro F1 was employed as a pri-
mary performance metric. Macro F1 is calculated as the
unweightedmean of class-specific F1 scores, where each
F1 score represents the harmonicmean of precision and
recall for a given class. As such, Macro F1 weights all
classes equally and is widely regarded as a robust met-
ric for imbalanced datasets commonly encountered in
diagnostic applications (Powers, 2020).

Sensitivity (Equation 1) was calculated as the propor-
tion of true positives correctly identified and reflects the
assay’s ability to detect the target condition when it is
present. Specificity (Equation 2) represents the propor-
tion of true negatives correctly classified and quantifies
the assay’s ability to correctly exclude non-target sam-
ples. The FPR (Equation 3) is calculated by subtracting
specificity from 1 and represents the proportion of nega-
tive samples thatweremisclassified as positive. The FNR
(Equation 4), on the other hand, is calculated by sub-
tracting sensitivity from 1, representing the proportion
of positive samples misclassified as negative.

True Positive Rate (TPR)

=
True Positives (TP)

True Positives (TP) + False Negatives (FN) (1)

True Negative Rate (TNR)

=
True Negatives (TN)

True Negatives (TN) + False Positives (FP) (2)

False Positive Rate (FPR) = 1 − TNR (3)
False Negative Rate (FNR) = 1 − TPR (4)
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Figure 1 Mean and standard deviation FT-IR spectra for (top) train and (bottom) test datasets, separated by class (food, NR and R2H).
Offset, relative FT-IR absorbance spectra of Gainesville diet (food), not ready (NR) samples and ready-to-harvest (R2H) samples
are displayed following preprocessing.

3 Results

To evaluate the robustness and generalisability of each
model, the dataset was split using an independent, pan-
wise partitioning strategy. Specifically, spectra collected
from pans A and C were used exclusively for model
training, while spectra from pans B and Dwere reserved
for testing. This design resulted in a 50:50 train-test
split composed of fully independent experimental units,
thereby preventing information leakage arising from
shared sample preparation, instrumental conditions, or
within-pan correlations. Independent hold-out evalu-
ation of this type is widely recommended in chemo-
metricswhen replicatemeasurements are nestedwithin

higher-level sampling units, as it provides a conserva-
tive and realistic estimate of performance on unseen
data (Varoquaux, 2018). Principal component analysis
further revealed that the split did not alter representa-
tiveness of any class (Figure A2 in the Appendix).

Additionally, spectra from several food samples were
included in training and testing (also split 50:50) to
account for background spectral variation arising from
both abiotic and biotic factors during sampling. Figure 1
displays mean and standard deviation IR spectra for
food, ready-to-harvest (R2H) and not ready (NR) to har-
vest frass/pan samples for both train and test datasets.
There are clear differences in the low-frequency region
between approximately 1016-1152 cm−1, where progres-
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Table 1 Infrared absorptive band assignments

Wavenumber (cm−1) Vibrationalmode Molecular assignments
895 C-O-C bending B-glycosidic linkages (cellulose and

other polysaccharides)
1016 C-O-H bending; C-C-H bending Polysaccharides
1032 C-C stretching Polysaccharides
1077 C-O stretching; C-C-O bending Polysaccharides
1104 C-O stretching (Ring) Polysaccharides
1152 C-O-C stretching Glycosidic linkages (polysaccharides)
1244 C-N stretching; N-H bending Proteins (Amide III)
1320 O = C-O bending; C-H wagging Lignin and polysaccharides
1378 C-C bending Lipids and polysaccharides
1416 C-O bending; C-H deformation Polysaccharides and proteins
1455 C = C stretching; C-H deformation Proteins, lignin, polysaccharides

Molecular assignments were adapted from Baum et al. (2017), Kong and Yu (2007), Mohan Rao (2019), Parihar et al. (2019), Robert et al.
(2005) and Santos et al. (2015).

Figure 2 Summary of our three strategies for machine learning classification. In Approach 1, all three classes are utilised as labels during
training. In Approach 2, food and NR spectra are umbrellaed under the NR label, so that only NR and R2H are used as labels
during training. Approach 3 represents themost complex framework, where first spectra are declared frass or food, before being
declared NR or R2H if classified as frass. The circle represents a food sample, the triangle represents a frass sample from a pan
that is not yet ready for harvesting (NR) and the square represents a frass sample from a ready-to-harvest (R2H) pan.

sive attenuation and spectral broadening are evident
as the food is digested and the larvae grow older. This
region is commonly associated with collective vibra-
tional modes arising from cellulose and other polysac-
charides, presumably originating from the wheat bran
and alfalfa cell wall carbohydrates (Hogsette, 1992)
(Table 1).

Although distinct spectral features were apparent
between the food and frass through visual examina-
tion, practical decision-making requires an objective
and scalable classification framework. To quantitatively
leverage these multivariate spectral differences, super-
vised machine-learning models were employed to clas-
sify pan-associated samples under three complemen-
tary approaches (Figure 2) with specific hyperparame-
ters (Table 2). Approach 1 represents the ideal scenario,
where food, NR and R2H spectra are easily distinguish-
able. Alternatively, Approach 2 obtains spectra acquired

from food material and frass produced by early-stage
larvae as NR, reflecting their shared biochemical char-
acteristics and practical indistinguishability from non-
harvestable material. Approach 3 employs a dual-phase
classification pipeline: in Phase 1, samples are classified
as food or frass and in Phase 2, spectra identified as
frass are further classified as NR or R2H. Together, these
strategies enable systematic evaluation of classification
performance under progressively realistic sampling and
decision-making conditions.

Under the first approach, none of the three classifiers
achieved a test Macro F1 score exceeding 70% (Table 3)
(variable-importance plots and confusion matrices for
each model can be found in Figures A3 and A4 in
the Appendix), unlike the other two approaches. The
highest performancewas obtained using PLS-DA, which
reached a test Macro F1 of 67.77% with a relatively sim-
ple model comprising only two LVs (Table 2). ANN-DA
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Table 2 Hyperparameters for each approach in this study

Model Approach 1 Approach 2 Approach 3, Phase 1
PLS-DA LVs = 2 LVs = 6 LVs = 2
XGB-DA Learning Rate = 0.2 Learning Rate = 0.1 Learning Rate = 0.2

Maximum Depth = 6 Maximum Depth = 1 Maximum Depth = 3
No. Estimators = 200 No. Estimators = 500 No. Estimators = 50

ANN-DA Hidden layer nodes = (1024, 512) Hidden layer nodes = (512, 256) Hidden layer nodes = (1024, 512)
Learning rate = 0.005 Learning rate = 0.005 Learning rate = 0.001
Dropout = 0.2 Dropout = 0.0 Dropout = 0.0
L1 penalisation = 0.0 L1 penalisation = 0.0 L1 penalisation = 0.0

Table 3 Summary of Approach 1 model classification results

Model CV/test Macro F1 Accuracy Food NR R2H
TPR FPR TPR FPR TPR FPR

PLS-DA CV 0.6606 0.6761 1.0 0.0938 0.5769 0.0476 0.9259 0.2727
Test 0.6777 0.7201 0.9 0.125 0.6325 0.0357 1.0 0.1894

XGB-DA CV 0.942 0.9623 0.9667 0.0139 0.9829 0.0952 0.8704 0.0
Test 0.5543 0.7767 0.1 0.0417 0.9017 0.5714 0.6111 0.0417

ANN-DA CV 0.7552 0.783 1.0 0.0625 0.7179 0.0357 0.9444 0.1818
Test 0.5538 0.6981 0.2 0.0528 0.6923 0.2857 1.0 0.2159

Table 4 Summary of Approach 2 model classification results

Model CV/Test Macro F1 Accuracy NR R2H
TPR FPR TPR FPR

PLS-DA CV 0.7955 0.8553 0.8409 0.0741 0.9259 0.1591
Test 0.761 0.8208 0.7955 0.0556 0.9444 0.2045

XGB-DA CV 0.9612 0.978 0.9848 0.0556 0.9444 0.0152
Test 0.8505 0.9214 0.9697 0.3148 0.6852 0.0303

ANN-DA CV 0.7699 0.8239 0.7879 0.0 1.0 0.2121
Test 0.7862 0.8396 0.8068 0.0 1.0 0.1932

and XGB-DA achieved test Macro F1 scores of approxi-
mately 55.38 and 55.43%, respectively.

Under the second approach, XGB-DA outperformed
the other classifiers, achieving the highest test Macro
F1 of 85.05% (Table 4). PLS-DA and ANN-DA exhibited
comparable but slightly lower performance, with test
Macro F1 scores of 76.1 and 78.62%, respectively. Analy-
sis of model feature importance helps explain these dif-
ferences (Figure A5 in the Appendix). For XGB-DA, the
strongest contributors to accurate classification were
spectral regions near 1016 and 1032 cm−1. By contrast,
ANN-DA emphasised the 1032 cm−1 region, while PLS-
DA distributed importance across many spectral fea-
tures rather than focusing on themost informative ones.
This broader weighting likely reduced PLS-DA’s over-
all performance and explains why ANN-DA performed
slightly better. Upon closer inspection of XGB-DA, a

lower FPR for R2H samples (approx. 3%) compared
to the FNR (31.48%) is noteworthy (Table 4 and Fig-
ure 3) (remaining confusion matrices can be found in
Figure A6 in the Appendix).

Our third and final approach, which implemented
two separate model architectures within a single pipe-
line, did not improve Phase 1 classification of food ver-
sus frass, as no model surpassed the Macro F1 perfor-
mance achieved under Approach 2 (Table 5). Under
this framework, PLS-DA achieved a Macro F1 of 72.41%,
while ANN-DA was 66.87% and XGB-DA was 48.87%,
with corresponding variable-importance plots and con-
fusion matrices shown in Figures A7 and A8 in the
Appendix. Inspection of the ANN-DA and XGB-DA con-
fusionmatrices (Figure A8 in the Appendix) and associ-
ated error rates revealed substantial overfitting to frass-
specific spectral features, as reflected by high false pos-
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Figure 3 Confusion matrices for cross-validation (left) and testing (right) XGB-DA under Approach 2 framework. Rows represent true
class labels and columns represent predicted class labels of not ready (NR) or ready-to-harvest (R2H) samples.

Table 5 Summary of Approach 3, Phase 1 model classification results

Model CV/Test Macro F1 Accuracy Food Frass
TPR FPR TPR FPR

PLS-DA CV 0.8407 0.9277 1.0 0.0799 0.9201 0.0
Test 0.7241 0.8774 0.7 0.1042 0.8958 0.3

XGB-DA CV 0.9816 0.9937 0.9667 0.0035 0.9965 0.0333
Test 0.4887 0.8711 0.0333 0.0417 0.9583 0.9667

ANN-DA CV 0.8685 0.9434 1.0 0.0625 0.9375 0.0
Test 0.6687 0.8868 0.4 0.0625 0.9375 0.6

itive rates for frass (60.0% and 96.67%, respectively;
Table 5). Given this overfitting behaviour and the added
computational cost thatwould be required to introduce
an additional downstream model to recover misclassi-
fied food spectra, this approach was not advanced to
Phase 2 classification of NR versus R2H.

4 Discussion

In this pilot study, FT-IR spectroscopy was used to anal-
yse the frass of BSFL as an indicator of time to har-
vest. After testing several strategies to classify spectra
successfully, it was found that the binary classification
system (Approach 2) yielded the most accuracy, sorting
pan-material samples as either ready-to-harvest (R2H)
or not ready (NR). We concluded that the biochemical
variation between these two stages of larval develop-
ment is distinct enough for FT-IR spectroscopy to dif-
ferentiate between them.

There were three different approaches tested to clas-
sify pan-associated samples. Approach 1 was a multi-
class system, Approach 2 employed binary classifica-
tion and Approach 3 used dual-phase, binary classifica-
tion. Approach 1 produced a suboptimal measurement
of precision and recall. The non-linear models (XGB-
DA and ANN-DA) performed more poorly relative to
the linear model (PLS-DA), but all three were weak
and inconsistent under this approach. These results sug-
gest that treating food, NR and R2H samples as fully
separable classes represents an unrealistic classification
scenario. This outcome indicates substantial spectral
overlap between food material and early-stage frass (as
also evident from the confusion matrices, Figure A4B2
and A4C2 in the Appendix), reflecting the gradual and
continuous nature of larval development in BSF. This
finding motivated the adoption of more conservative
and operationally representative classification strate-
gies evaluated in subsequent approaches.

The second approach demonstrated substantially
improved classification performance across all models.

Journal of Insects as Food and Feed 0 (2026) 1–20
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Binary classificationwas the ideal strategy for determin-
ing when larvae are ready to harvest, indicating that the
biochemical transition to this larval stage ismore distin-
guishable. The nonlinear models, specifically XGB-DA,
resulted in the highest Macro F1 scores, demonstrating
their accuracywith precision and recall of spectra classi-
fication. This result points to the complexity of nutrient
absorption by BSFL. They have an especially wide vari-
ety of digestive enzymes (Kim et al., 2011), which may
provide some reasoning as to why nonlinear analysis
better captures their digestion and developmental pro-
cess.

The nonlinear models displayed strong levels of
importance at specific peaks under Approach 2, par-
ticularly with the band near 1016 cm−1, which is a
region corresponding to polysaccharide hydroxyl and
alkyl vibrations. Fiber is a significant nutritional factor
in the Gainesville diet (Hogsette, 1992), explaining the
detection of hydroxyl bending. This finding indicates
that the 1016 cm−1 plays a key role in distinguishing
NR from R2H BSFL, an observation that is also evi-
dent by visual inspection of the spectra in Figure 1. The
observed trends are consistent with established prin-
ciples of biochemical transformation during digestion,
wherein dietary constituents undergo absorption and
enzymatic modification and thus are not excreted in
their original molecular forms (Karasov and Douglas,
2013). From an agricultural perspective, this suggests
that a small number of chemically meaningful spectral
markers can reliably differentiate larval rearing condi-
tions.

Further analysis of the results from Approach 2
reflects the conservative decision tendency of XGB-DA,
given the low FPR paired with the slightly higher FNR
for R2H samples. In this instance, pans aremore likely to
be classified asNR rather than prematurely identified as
R2H. From an operational standpoint, such behaviour is
preferable, as it minimises the risk of harvesting under-
developed material while allowing additional time for
marginal cases to reach harvest readiness. While this
conservative classification could cause a delay in pro-
duction, it also helps avoid the harvesting of larvae that
might not yet have reached their desired maturity level.
Depending on the operational goals of the production
system, this trade-off may beworth the risk, especially if
achieving a target larval stage is prioritised over minor
harvest delays.

Under Approach 3, the linear model performed bet-
ter compared to the nonlinear model but was still poor
compared to the precision and recall of Approach 2. The
high FPR also demonstrated that dual-phase classifica-

tion was unfavourable, further supporting that binary
classification through our second approach was the
superiormethod.

In the past, other researchers have also demonstrated
IR spectroscopy’s potential to improve the BSF industry.
For example, Hoffman et al. (2022) successfully mon-
itored developmental changes in BSFL using attenu-
ated total reflectance (ATR) mid-infrared (MIR) spec-
troscopy. Their research analysed spectral differences in
various BSFL sample types, including later-stage instars
and frass, for the purpose of classifying larvae according
to waste stream diet (Hoffman et al., 2022). The present
study, however, focuses on using frass specifically as a
biomarker of larval physiology and predicting harvest
readiness. While these two studies differ in many ways,
they both ultimately display themeaningful and diverse
applications of spectral technology to BSF production.

The findings of this study demonstrate the potential
for this rapid and non-destructive analytical technique
to be applied in the mass production of BSFL. Imple-
menting FT-IR does require an initial investment, but
the direct cost of analysis is nearly zero. Based on our
experience, one instrument can be used by a labora-
tory or a group of researchers to analyse samples and
an undergraduate can independently operate the spec-
trometer with relatively little training.

Utilising such technology in the context of this
research leads to the possibility of improved efficiency
through automated harvest. However, it is important to
address shortcomings to the present study. One limita-
tion here is that other biological performance data, such
as larval mass, survival rate and protein-fat content of
larvaewere notmeasured on harvest day.We exclusively
analysed frass substrate, not insect body, to predict lar-
val age. In a future study, other biological observations,
like the ones mentioned, could be used as confirmation
of larvalmaturity.

Additionally, future research could apply IR spec-
troscopy to other stages of larval development or fur-
ther investigation of their digestion with different diets.
The use of one standardised laboratory diet can be
viewed as a limitation because the models were trained
on frass substrate produced from digestion of only the
Gainesville feed, so if other organicwaste productswere
used, the classification accuracy may decrease. There-
fore, additional sampling across a wider variety of feed-
stocks is the next step towards validating and advanc-
ing this research because it would allow for evaluation
of the classification model’s performance on diverse
substrate diets that are relevant to sustainable waste
management. Future studies should also include mul-
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tiple life cycles and independent production batches to
improve the robustness of the resulting models and fur-
ther validate them for industrial adoption.

5 Conclusion

Through this pilot study, it was demonstrated that FT-
IR could be used for real-time assessment of large-scale
production of BSFL. This method eliminates the need
for a batch system approach formass production, which
decreases losses due to pans either being under- or
overdeveloped. Among the evaluatedmodels, the binary
classification framework that groupedNR and food-only
samples as NR achieved the strongest performance for
differentiating R2H vs NR larvae. In particular, XGB-DA
yielded greater than 85% balanced accuracy and macro
F1 score during external validation, while conservatively
favouring NR classifications under uncertainty. Collec-
tively, these findings support the integration of FT-IR
spectroscopy with machine learning as a practical and
scalable solution for improving harvest timing and oper-
ational efficiency in BSF production.
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Figure A1 Pre-processing effects on FT-IR spectra before modelling. Offset absorbance is displayed for comparison of the original
spectrum, estimated baseline and processed spectra without overlap.

Table A1 Machine learning models and relevant parameters and Python libraries

Model Description Tunable parameters Python libraries
PLS-DA A supervised latent-variablemethod

that projects predictors into
components maximising covariance
between features and class
membership.

LVs: 2, 3…20 sklearn

XGB-DA An ensemble of decision trees built
sequentially, where each new tree
minimises the residual error of the
preceding trees via gradient
boosting.

Learning rate: [0.01, 0.1, 0.2]
Maximum depth: [1, 3, 6, 10]
No. of estimators: [50, 100, 200, 500]

xgboost

ANN-DA A fully connected neural network
that learnsweighted connections
between nodes by minimising
prediction error through
backpropagation.

Hidden layer nodes: [(1024, 5120], (512, 256)]
Learning rate: [0.001, 0.005, 0.0001]
Dropout: [0, 0.1, 0.2, 0.3]
L1 Penalisation: [0, 0.01, 0.001]

Torch; torch.nn
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Figure A2 Principal component (PC) analysis PC1 and PC2 (approx. 57% model variance) score plot for training/CV and test data. The
solid and dashed 95% confidence ellipses correspond to train and test datasets, respectively. Our independent train and test
datasets share the same underlying distribution of discrimination variance indicating strong generalisation potential for
modelling.
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Figure A3 Importance measures across all features for Approach 1 (A) PLS-DA, (B) XGB-DA and (C) ANN-DA models. PLS-DA VIP plots
the relative amount of variance perwavenumber across allwavenumbers and over all LVs, where values above 1 are
considered significant contributors to class discrimination. XGB-DA importance plots themean decrease in Gini impurity, a
measure of the probability of misclassification on random data, normalised across allwavenumbers. ANN-DA importance
plots the mean decrease in CVMacro F1 for eachwavenumber by removing one at a time and re-evaluating the model each
time across allwavenumbers.
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Figure A4 Confusion matrices for Approach 1 (A) PLS-DA, (B) XGB-DA and (C) ANN-DA models using the (1) train and (2) test
datasets. Rows represent true class labels and columns represent predicted class labels of Gainesville diet (food), not ready
(NR), or ready-to-harvest (R2H) samples.
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Figure A5 Importancemeasures across all features for Approach 2 (A) PLS-DA, (B) XGB-DA and (C) ANN-DAmodels. PLS-DA VIP plots
the relative amount of variance perwavenumber across allwavenumbers and over all LVs, where values above 1 are
considered significant contributors to class discrimination. XGB-DA importance plots themean decrease in Gini impurity, a
measure of the probability of misclassification on random data, normalised across allwavenumbers. ANN-DA importance
plots the mean decrease in CVMacro F1 for eachwavenumber by removing one at a time and re-evaluating the model each
time across allwavenumbers.

Journal of Insects as Food and Feed 0 (2026) 1–20



18 A.P. Lubrano et al.

Figure A6 Confusion matrices for Approach 2 (A) PLS-DA and (B) ANN-DA models using the (1) train and (2) test datasets. Rows
represent true class labels and columns represent predicted class labels of not ready (NR) or ready-to-harvest (R2H) samples.
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Figure A7 Importancemeasures across all features for Approach 3 (A) PLS-DA, (B) XGB-DA and (C) ANN-DAmodels. PLS-DA VIP plots
the relative amount of variance perwavenumber across allwavenumbers and over all LVs, where values above 1 are
considered significant contributors to class discrimination. XGB-DA importance plots themean decrease in Gini impurity, a
measure of the probability of misclassification on random data, normalised across allwavenumbers. ANN-DA importance
plots the mean decrease in CVMacro F1 for eachwavenumber by removing one at a time and re-evaluating the model each
time across allwavenumbers.
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Figure A8 Confusion matrices for Approach 3 (A) PLS-DA, (B) XGB-DA and (C) ANN-DA models using the (1) train and (2) test
datasets. Rows represent true class labels and columns represent predicted class labels of Gainesville diet (food) or pan
material (frass) samples.

Journal of Insects as Food and Feed 0 (2026) 1–20


