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A B S T R A C T

The black soldier fly (BSF) Hermetia illucens has garnered significant attention for its potential in sustainable 
waste management, nutrient recycling, and the production of valuable resources such as protein-rich animal feed 
and biofuels. Traditional mass production methods remain labor-intensive and error-prone, needing automated 
solutions. A critical challenge is the precise identification of BSF different life stages which is essential for 
optimizing feeding strategies, harvesting, and overall system efficiency. This study explores the use of deep 
learning, combined with optical flow analysis, to identify BSF life stages, particularly larvae, prepupae, and 
pupae. A Convolutional Neural Network (CNN) model was employed for real-time BSF larval stages detection. 
Training, validation, and test were performed on a comprehensive custom dataset of 2130 images. Evaluation 
metrics including precision, recall, and mean Average Precision (mAP) were assessed. Overall, the CNN model 
showed a precision of 0.96, a recall of 0.95, and a mAP@0.5 of 0.97 on the test set, confirming its generalization 
capability and effectiveness in real-world scenarios. The integration of optical flow enhanced the model’s per
formance by leveraging prior knowledge of motor activity, particularly for identifying and correcting false 
positives in pupae classification. Automated identification of BSF larval stages optimizes resource management, 
reduces operational costs, and enhances the economic viability of BSF-based systems. The proposed system 
extends beyond terrestrial concerns, with potential implications for bioregenerative life-support systems, a 
promising space technology.

1. Introduction

In recent years, the black soldier fly (BSF) Hermetia illucens (Lin
naeus) (Diptera: Stratiomyidae) has gained interest due to its potential 
in sustainable waste management [1,2], nutrient recycling [3], and the 
production of valuable resources like protein-rich animal feed and bio
fuels [4–6]. Traditionally, the mass production methods of H. illucens has 
mainly relied on manual methods, which are time-consuming, labor- 
intensive, and susceptible to human error [7,8], and few examples were 
based on automated approaches [9–11]. Recent studies have explored 
IoT-based solutions to optimize rearing conditions, demonstrating that 
automated environmental control can significantly enhance egg pro
duction by stabilizing temperature, humidity, and light intensity 
[12,13].

A critical aspect of effectively harnessing the potential of BSF lies in 

our ability to accurately distinguish between its different life stages, 
particularly the larvae, prepupae, and pupae [14,15]. This differentia
tion significantly influences various facets of BSF-based applications, 
including feeding strategies, harvesting methods, and overall opera
tional success [16,17]. However, the classification of H. illucens life 
stages via automated learning approaches, is still unexplored. To over
come these challenges and to advance the precision and efficiency of 
BSF-related industries, a novel approach is required. In this context, the 
integration of artificial intelligence (AI) can offer an exciting and 
innovative solution.

AI-based technologies have been transformative in numerous scien
tific domains, offering the ability to automate complex tasks, analyze 
extensive datasets, and extract valuable insights [18–25]. AI models 
have shown great promise in various fields, including biological and 
ecological applications, with examples such as the early detection of Red 
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Palm Weevil larvae in palm trees [26] and the identification of Pacific 
oyster larvae [27]. The evolution of AI methods, including the integra
tion of Transformers and Vision Transformers (ViTs), has further 
enhanced the ability to manage long-range dependencies, with appli
cations spanning from Natural Language Processing (NLP) to computer 
vision and biological detection [28]. These continuing advances high
light the broad potential of AI to address complex challenges in various 
scientific applications.

In the case of H. illucens, AI and machine learning present the po
tential to redefine how we recognize, segregate, and manage the 
different life stages of the insect, with a particular focus on larvae, 
prepupae, and pupae. This approach can promote insect mass produc
tion technologies [29], enabling more sustainable circular economies 
[30]. Furthermore, the application of AI in the context of H. illucens and 
other edible insects extends beyond terrestrial concerns, with potential 
applications in space technology. The proposed approach plays a crucial 
role in enhancing bioregenerative life-support systems (BLSSs), which 
are essential for supporting prolonged space missions [31]. By 
leveraging AI to optimize insect life cycles and resource utilization, this 
methodology addresses Earthbound sustainability challenges and con
tributes to advancing our understanding of biologically regenerative 
systems essential for sustaining life beyond our planet [32].

This endeavor is significant for several key factors. Accurate identi
fication of these larval stages optimizes resource management, which, in 
turn, enhances resource utilization, reduces operational costs, and pro
motes economic viability for BSF-based systems [33]. Efficient recog
nition of prepupae and pupae stages ensures timely collection of mature 
larvae, preventing premature pupation and maximizing their biocon
version potential, a key aspect of sustainable waste management 
[34–36]. For industries specializing in the utilization of BSF larvae for 
protein production or biofuel generation, precise separation of larval 
stages guarantees the delivery of high-quality and standardized end 
products [36,37].

The development of a reliable AI-based approach for identifying 
different larval stages in H. illucens not only has practical applications 

but also contributes to scientific advancements. It fosters a deeper un
derstanding of the insect’s biology, behavior, and development, which is 
instrumental for improving and diversifying its applications in various 
fields [38–40].

This study focuses on the innovative applications of deep learning in 
the identification of distinct larval stages in H. illucens, with a special 
emphasis on larvae, prepupae, and pupae. The employment of a Con
volutional Neural Network (CNN) model trained on a comprehensive 
custom dataset is explored, discussing its potential to revolutionize the 
black soldier fly industry. A hybrid approach that integrates deep 
learning with optical flow is investigated. Integrating optical flow for 
motion analysis enhances CNN identification performance, as different 
larval stages exhibit varying motor activities. The workflow of the 
proposed approach is shown in Fig. 1. This technology aims to make the 
exploitation of H. illucens more efficient, sustainable, and economically 
viable, thus contributing to a greener and more thriving socioeconomic 
future.

2. Materials and methods

2.1. Animal rearing

Adult flies were bred under controlled laboratory conditions (27 ±
1.0 ◦C, 60 ± 10 % RH, 12:12 L:D) within nylon mesh fabric cages (90 x 
50 x 50 cm). They were provided with ad libitum access to water and 
sugar cubes. Oviposition took place on corrugated cardboard surfaces, 
which were subsequently harvested and directly placed onto the sub
strate designated for larvae rearing. Larvae were accommodated in 
plexiglass boxes of dimensions 25 x 15 x 10 cm and nourished with the 
standard Gainesville diet [41]. Pupae underwent transfer to ventilated 
containers, and newly emerged adults were relocated to adult cages on a 
triweekly basis.

Fig. 1. Workflow of the proposed approach.
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2.2. Experimental set-up and procedure

For image collection, a tripod was utilized, to which a 12 MP camera 
with a telephoto lens ƒ/2.8 was attached. Various arenas were 
employed, including two circular arenas with diameters of 5.2 cm and 
11.3 cm, and a structure composed of 6 circular arenas (Ø = 3,5 cm 
each). Different distances from the arena were evaluated: 12, 30, and 52 
cm. Different backgrounds were evaluated: no background (white 
paper), gray styrofoam, and terrain.

Individual specimens were tested in the arena with a diameter of 5.2 
cm, with different backgrounds and varying the distance between the 
camera and the arena. Subsequently, all possible pairings were exam
ined, including larva-larva, pupa-pupa, prepupa-prepupa, larva-pre
pupa, larva-pupa, and prepupa-pupa. Finally, all three stages were 
concurrently investigated. In the arena with a diameter of 11.3 cm, 
various backgrounds and distances between the camera and the arena 
were considered to simultaneously examine a larger number of speci
mens, specifically 12 and 19, from different stages. Within the structure 
composed of six circular arenas, individual specimens from various 
stages were examined (one for each arena), with variations in the 
background and the distance between the camera and the arena. Sub
sequently, specimens from different stages were paired, exploring all 
possible combinations. Finally, pairings were randomized.

Various studies describe visually distinguishable traits between 
different larval stages [14]. Some distinct morphological and behavioral 
traits to differentiate between larval stages include a downward-curving 
labrum enabling prepupae to reach proper pupation sites, and their 
change in color from cream to black compared to younger larval stages. 
Beside color change, at pupal stage BSF also stops moving.

Individuals were recorded without external intervention. In in
stances where only pupae were present in the arena, the specimens were 
manually repositioned to capture different poses. A total of 65 videos, 
with a duration of around 5 min each, were recorded from 86 in
dividuals (33 larvae, 27 prepupae, 26 pupae) at 30 fps with a resolution 
of 1920 x 1080 pixels. All recordings occurred between 09:00 and 24:00, 
at 22 ± 1 ◦C with laboratory light conditions, capturing individuals at 
various times of the day. This accounts for potential variations in 
lighting due to external conditions throughout the day. Frames were 
randomly extracted from video recordings, encompassing JPG and PNG 
file formats.

2.3. Dataset

This study collected 2130 images split into 70 % for training, 20 % 
for validation, and 10 % for testing, totaling 1491, 426, and 213 images, 
respectively. Images were manually labeled using the software available 
online makesense.ai. The dataset encompasses three distinct object 
categories (larva, prepupa, pupa), amounting to a total of 7350 object 
instances. The number of instances in each image varies from 1 to 19, 
representing different combinations of classes within the same image. 
The instances of the classes have been balanced to mitigate any potential 
bias towards any specific class. The instance distribution for each class is 
as follows: 2670 instances of larvae, 2430 instances of prepupae, and 
2250 instances of pupae. The dataset includes a variety of backgrounds, 
different lighting conditions, various distances between the camera and 
the arena, a variety of combinations of individuals belonging to different 
classes within the arena, and different arena types. All these factors may 
influence the images and have been included to aid the model in 
generalization. Within the dataset, 180 background images have been 
included, also partitioned into 70 % for training, 20 % for validation, 
and 10 % for testing, totaling 126, 36, and 18 images, respectively. Data 
augmentation, a technique used to diversify training datasets and 
improve model generalization by artificially increasing the variety of 
training examples, was employed using the Python library Albu
mentations. This method applies a range of transformations, helping the 
model become more robust and capable of handling different real-world 

variations in the data. The augmentation process ensured a range of 
transformations, which helped mitigate overfitting and improved the 
model’s ability to generalize on unseen data. The Mosaic method was 
applied, combining four resized images into a single mosaic to increase 
the diversity and complexity of training data. Both uniform box blur and 
median blur were applied, with the kernel size randomly chosen be
tween 3 and 7 and a 0.01 probability of application. Median blur 
transform is particularly effective for noise reduction in image pro
cessing. Furthermore, grayscale conversion was applied with a 0.01 
probability, as along with Contrast Limited Adaptive Histogram Equal
ization (CLAHE), with a clip limit of 4 and a tile grid size of 8 x 8, for 
additional augmentation.

2.4. Deep learning: CNN architecture and training

The Ultralytics YOLOv8n model has been selected for this study, 
leveraging the YOLO (You Only Look Once) family of CNNs for object 
detection [42]. YOLO has consistently demonstrated fidelity in real-time 
object detection and is characterized by its ability to perform the task in 
a single pass through the network, ensuring computational efficiency. 
These networks have been applied across a spectrum of detection tasks, 
and with a focus on the v8 version, ranging from marine species 
detection [43], to diagnosing various cancer types [44].

YOLOv8, an evolution in the YOLO family, integrates deep learning 
advancements for speed, detection performance, and ease of deploy
ment. YOLOv8 Nano prioritizes compactness and real-time perfor
mance. YOLOv8 utilizes a modified CSPDarknet53 as its backbone, 
responsible for extracting features from input images. The network ar
chitecture employs C2f modules. The neck merges feature maps from 
various backbone stages. Finally, the head generates predictions using 
an anchor-free split Ultralytics head, improving both performance and 
efficiency compared to anchor-based methods. The network architecture 
is presented in Fig. 2. A pre-trained model on COCO dataset has been 
considered and fine-tuned on the developed custom dataset. The pre- 
trained network has a size of 6.24 MB, consisting of 225 layers, 
3,011,433 parameters, 3,011,417 gradients, and a computational 
complexity of 8.2 GFLOPs. The following parameters were configured: 
batch size = 8, epochs = 200, patience = 15, and image size = 640 
pixels. A Tesla T4 GPU was employed.

2.5. Performance metrics

In evaluating the CNN model performance different metrics were 
considered.

Precision refers to the probability of correctly predicting positive 
samples among the predicted positive samples. Precision is computed as 
follows: 

Precision =
TP

TP + FP
(1) 

The variable TP denotes the count of true positives, while FP represents 
the count of false positives. This metric is important since it is an indi
cator of the quality of a positive prediction made by the model. High 
precision ensures that when the model predicts a particular larval stage, 
the prediction is highly reliable, minimizing the occurrence of false 
positives. This is especially important in the context of our application, 
as misclassification of a larval stage could result in inefficiencies in 
resource allocation and management. Optimization for precision en
sures that the model is both sensitive to detecting different stages and 
highly accurate in its identification, which is critical for practical 
deployment in automated systems.

Recall represents the probability of correctly predicting positive 
samples among all actual positive samples. It is calculated as follows: 

Recall =
TP

TP + FN
(2) 
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The variable FN represents the count of false negatives.
The F1-score provides the harmonic mean of precision and recall, 

thus offering a balanced evaluation between them. It is computed as 
follows: 

F1 − Score = 2 •
Precision • Recall
Precision + Recall

(3) 

The Average Precision (AP) calculates the area under the precision- 
recall curve, providing a single value that represents the model’s per
formance in terms of both precision and recall. The mean Average 
Precision (mAP) expands the concept of AP by computing the average 
AP values across multiple object classes. mAP is calculated using the 
following formula: 

mAP =

∑N
i=1 APi

N
(4) 

N represents the total number of classes, and APi denotes the Average 
Precision of class i. mAP@0.5 is the mean Average Precision at an 
Intersection over Union (IoU) threshold of 0.5. mAP@0.5:0.95 repre
sents the mean Average Precision calculated at different IoU thresholds, 
ranging from 0.50 to 0.95.

During training, Box Loss measures bounding box accuracy by 
assessing deviation from ground truth. Class Loss evaluates classification 
performance by measuring the difference between predicted class 
probabilities and actual labels. Distribution Focal Loss (DFL) is used for 
fine-grained classification.

2.6. Optical flow

This study integrates a CNN detection model with motion analysis to 
enhance performance, leveraging prior knowledge of class-specific 
motor activity. Pupae, for instance, typically exhibit minimal motor 
activity compared to other classes. Optical flow analysis using the Far
nebäck algorithm was employed for motion analysis [45]. Optical flow 
estimates the motion among two frames. The frame intensity I(x, y, t)

can be expressed as a function of space and time. In the second frame, 
the intensity moves by a distance (dx, dy) after a time step dt. Assuming 
constant object pixel intensities between consecutive frames, it results: 

I(x, y, t) = I(x+ dx, y+ dy, t+ dt) (5) 

Applying a first-order Taylor series expansion, it results: 

fxu+ fyv+ ft = 0 (6) 

where 

fx =
∂I
∂x
, fy =

∂I
∂y
, ft =

∂I
∂t

(7) 

and 

u =
dx
dt
, v =

dy
dt

(8) 

fx, fy, and ft are the image gradients along the x-axis, y-axis, and time, 
respectively. u and v are the unknowns representing the optical flow in 
the x and y directions.

The Farnebäck method solves Eq. (6) by applying polynomial 
expansion so that some neighborhoods of each pixel are approximated 
by using a quadratic polynomial: 

F1(X) = XTA1X + b1
TX + c1 (9) 

where X = (x, y)T.
A new signal F2(X) is constructed over a displacement d: 

F2(X) = F1(X − d) = (X − d)TA1(X − d) + b1
T
(X − d) + c1

= XTA1X + (b1 − 2A1d)TX + dTA1d − b1
Td + c1

= XTA2X + b2
TX + c2 (10) 

where 

A2 = A1 (11) 

Fig. 2. YOLOv8 detection model architecture: The width multiple (w) and max channels (mc) parameters determine the number of channels at each layer. The CNN 
model considered (YOLOv8n) has w = 0.25 and mc = 1024.
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b2 = b1 − 2A1d (12) 

c2 = dTA1d − b1
Td+ c1 (13) 

From Eq. (12), in cases where A1 is non-singular, the translation d can be 
computed: 

d = −
1
2
A1

− 1(b2 − b1) (14) 

Images were converted from RGB to grayscale before computing optical 
flow, focusing solely on motion magnitude. The Python OpenCV 
library’s calcOpticalFlowFarneback() function was utilized with specific 
parameter configurations: scale = 0.5, pyramid layers = 5, averaging 
window size = 15, iterations = 3, polynomial expansion pixel neigh
borhood size = 7, and Gaussian standard deviation for derivative 
smoothing = 1.5. This method was integrated with deep learning 
detection, considering only magnitude values within identified bound
ing boxes. A threshold was established to differentiate motor activity 
between pupae and prepupae/larvae. Four 3-minute videos were 
analyzed, featuring different set-ups, including various backgrounds 
(white surface and gray styrofoam) and distances between the camera 
and the arenas (30 cm and 52 cm). The videos considered for the anal
ysis featured either the structure with six circular arenas (Ø = 3.5 cm 
each) or the single larger circular arena (Ø = 11.3 cm), with 12 in
dividuals present in each video.

Optical flow was computed for each video by comparing consecutive 
frames at different sampling frequencies: 1 Hz, 0.5 Hz, and 0.25 Hz. For 
each frame in the videos, the mean magnitude within bounding boxes 
was computed post-detection. Subsequently, bounding boxes with the 
lowest and highest mean optical flow magnitude values were considered 

to discern pupae motor activity from other classes. A single threshold 
was defined for all scenarios. False positives in pupae classification were 
addressed by comparing the mean magnitudes within bounding boxes to 
this threshold. CNN model predictions were adjusted when the mean 
magnitudes exceeded the defined threshold. To ensure accurate detec
tion augmentation, optical flow analysis was omitted when pupae 
movements appeared influenced by crowded environments. Specif
ically, situations were excluded where the center of the bounding box of 
an identified individual overlapped with the bounding box of the indi
vidual under examination.

3. Results

The CNN model’s detection performance was assessed, with Fig. 3
showing performance metrics during training and validation. A typical 
trend in training involves a systematic decrease in loss metrics, indi
cating the model’s adaptive learning dynamics. This reduction reflects 
the model’s ability to iteratively adjust parameters and improve profi
ciency in identifying complex patterns within the dataset. The precision, 
recall, and mAP of the model exhibited improvement over the epochs 
before stabilizing at epoch 180. Training was stopped early due to a lack 
of improvement in validation loss over the last 15 epochs, indicating 
that the model had reached its optimal performance and further training 
would risk overfitting. This approach allowed us to effectively manage 
training duration while minimizing the risk of overfitting and ensuring 
the model’s ability to generalize. 180 epochs were completed in 1.819 h 
with a Tesla T4 GPU. Best results were observed at epoch 165. The 
optimal network configuration has 225 layers, a total of 3,011,433 pa
rameters, and a computational complexity of 8.2 GFLOPs. Overall, the 
proposed approach achieved a precision of 0.98, a recall of 0.93, and a 

Fig. 3. Training and validation results: Visualization across epochs of different metrics including Box Loss, Class Loss and DFL, precision, recall, mAP@0.5 
and mAP@0.5:0.95.
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mAP@0.5 of 0.97 on the validation set. The network showed a precision 
of 1.00 at 0.87 confidence, and a recall of 0.97 at 0.00 confidence. The 
F1-score reached 0.95 at 0.48. The best model configuration was applied 
on the test set, consisting of 213 images corresponding to 735 instances 
of larvae (266), prepupae (245), and pupae (224). Overall, the network 
achieved a precision of 0.96, a recall of 0.95, and a mAP@0.5 of 0.97 on 
the test set. The network showed a precision of 1.00 at 0.91 confidence, 
and a recall of 0.97 at 0.00 confidence. The F1-score reached 0.96 at 
0.44. The results align with those obtained on the validation set, 
demonstrating that the network has generalized and not overfitted 
during the training phase.

Fig. 4 shows the precision-recall curves (A) together with normalized 
confusion matrix (B) obtained. Observing the precision-recall curves, 
the mAP@0.5 values of 0.97 (larva), 0.96 (prepupa), and 0.99 (pupa) 
highlight the model’s high precision and recall capabilities. These 
metrics indicate the model’s proficiency in accurately distinguishing 
between positive and negative instances, reflecting its sensitivity in 
correctly identifying objects of interest. Precision-recall curves with 
values approaching 1.00 further emphasize that the model has struck an 
optimal balance between precision and recall. This evaluation is crucial 
in object detection applications, particularly in scenarios where mini
mizing both false positives and false negatives is imperative for reliable 
and accurate results.

Analyzing the normalized confusion matrix, the CNN achieved a 
precision of 0.95 and a recall of 0.97 for the larva class, with 0.03 of 
larvae misclassified as background. For the prepupa class, the CNN 
attained a precision of 0.94 and a recall of 0.95, with 0.02 of prepupae 
misclassified as pupae and 0.03 as background. Regarding the pupa 
class, the CNN achieved a precision of 0.93 and a recall of 0.98, with 
0.01 of pupae misclassified as prepupae and another 0.01 as back
ground. Overall, the CNN demonstrated consistent performance on the 
larva and pupa classes, with minimal misclassification into the back
ground category. Although the CNN maintained high precision and 
recall on the prepupa class, it showed slightly higher misclassification 
rates compared to the larva and pupa classes. The matrix suggests that 
the model performed effectively in classifying the different classes, with 
only small errors.

The CNN exhibits strong performance overall, achieving an inference 
time of 6.10 ms on the test set. The normalized confusion matrix reveals 
slightly greater difficulty in distinguishing between pupae and pre
pupae, with prepupae occasionally misclassified as pupae with an error 
rate of 0.02. To improve performance, the proposed approach leverages 
motion analysis via optical flow, enhancing automatic detection at the 

video level. By comparing consecutive frames, false positives in pupae 
classification can be identified and corrected by assigning them to the 
prepupa class. Fig. 5 illustrates the definition of the optical flow 
magnitude threshold, crucial for distinguishing pupae’s minimal motor 
activity from that of prepupae/larvae. Two consecutive frames were 
transformed from RGB to grayscale, and the Farnebäck algorithm for 
optical flow was applied. By integrating this approach with detection, 
the focus shifts to individuals’ motor activity, defining their motion 
magnitude. Fig. 5(A) illustrates the adopted approach, comparing 
frames sampled at 1 Hz, performing detection on the second frame, and 
presenting magnitude through MINMAX normalization. Panels (B), (C), 
and (D) demonstrate optical flow magnitude differences among pupae 
and other classes at varying sampling frequencies (1 Hz, 0.5 Hz, and 
0.25 Hz). As the sampling frequency decreases, the optical flow 
magnitude increases, with a particularly noticeable effect in prepupae 
and larvae. In contrast, the magnitude for pupae remains consistently 
below the threshold of 1 pixel across all frequencies. Testing on four 
videos at 1 Hz confirms the effectiveness of the approach. Fig. 5(F) de
picts detection results without (top row) and with (bottom row) cor
rections, showing improvements in most scenarios. The CNN model, 
integrated with optical flow analysis, exhibits enhanced performance.

4. Discussion

The use of a CNN model augmented with optical flow represents a 
pioneering advancement in automated detection of black soldier fly 
(BSF) H. illucens larval stages, contributing to insect-based sustainable 
technologies. YOLOv8′s real-time object detection proficiency across 
various domains, coupled with its computational efficiency, justifies its 
selection [42,43]. Optical flow integration further enhances the model’s 
ability by accurately capturing dynamic movements inherent in BSF 
larval stages, which is particularly useful for distinguishing behavioral 
patterns between larvae, prepupae, and pupae, thereby improving 
identification performance. Our iterative training approach, spanning 
180 epochs, aimed to balance model underfitting and overfitting. Early 
stopping was considered to prevent overfitting and ensure model 
generalization across different larval stage variations. Overall, the CNN 
achieved a precision of 0.98, a recall of 0.93, and a mAP@0.5 of 0.97 on 
the validation set highlighting the model’s strong performance in 
identifying BSF larval stages. Results on the test set affirm the model’s 
generalization capacity, ensuring robust performance in real-world ap
plications. The normalized confusion matrix indicates the model’s 
ability to distinguish between larva, prepupa, and pupa classes with 

Fig. 4. Test results: Precision-recall curves (A), and normalized confusion matrix (B).
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minimal errors. While the CNN achieved excellent performance on the 
larva and pupa classes, it exhibited slightly higher errors in the classi
fication of the prepupa class, indicating areas for improvement. These 
findings corroborate the effectiveness and versatility of deep learning 
methodologies across different domains and applications. Precision- 
recall curves with mAP@0.5 values of 0.97 (larva), 0.96 (prepupa), 
and 0.99 (pupa) underscore the model’s precision and recall capabil
ities. These metrics highlight the model’s sensitivity in correctly iden
tifying positive instances while minimizing false positives and false 
negatives. Additionally, the model’s inference time of 6.10 ms on the 
test set enables real-time detection for field applications.

The results achieved in this study are consistent with previous 
research employing deep learning for detection tasks [46]. For instance, 
in [47] proposed a hybrid deep learning algorithm, combining CNNs and 
Gated Recurrent Units (GRU), to enhance security in the Smart Grid by 
detecting Distributed Denial of Service (DDoS) attacks, surpassing 
traditional intrusion detection methods. In [48], an automated blue 

whale D-call detector using DenseNet, trained on Antarctic acoustic 
recordings, was developed. A double-observer analysis showed that the 
automated detector outperformed human analysts, with higher recall 
and fewer false positives. A deep learning approach for detecting and 
counting Pacific oyster larvae was introduced in [27], which also 
enabled accurate estimation of larval shell height. In the context of pest 
management, a YOLOv8s model integrated within a smart trap suc
cessfully identified multiple species of hematophagous flies, demon
strating robust performance [49]. In [50], a deep neural network was 
developed for identifying Aedes aegypti and Aedes albopictus larvae, 
achieving results comparable to those in this study and incorporating 
automated region of interest (ROI) cropping and rapid classification, 
offering a cost-effective solution for mosquito control.

The introduction of Transformers, leveraging self-attention mecha
nisms to manage long dependencies in sequential data, has marked a 
transformative shift in AI research, expanding applications across fields 
such as NLP, computer vision, and biological detection [28]. For 

Fig. 5. Optical flow magnitude threshold determination and integration results: Comparison of two consecutive frames sampled at 1 Hz, detection performed on the 
second frame to determine bounding boxes, graphical representation of optical flow magnitudes normalized using MINMAX scaling, and bounding boxes overlaid on 
the graphical representation (A); comparison of optical flow magnitude between pupae and other classes at sampling frequencies of 1 Hz (B), 0.5 Hz (C), and 0.25 Hz 
(D); detection results before (top row) and after (bottom row) corrections using optical flow, shown for a single frame from each of the four analyzed videos (one per 
column) (F).
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instance, in plant recognition tasks, the application of ViTs has notably 
enhanced both performance and efficiency [51]. Additionally, ViT 
models have been applied to crop pest image recognition [52], further 
demonstrating their versatility. These studies highlight the potential of 
deep learning and advanced architectures in tackling challenges in 
biosystems engineering.

The integration of optical flow enhances the CNN performance by 
leveraging insights into the motor activity of BSF larval stages. Optical 
flow analysis provides deeper understanding of motion patterns, 
enabling precise identification and correction of false positives, espe
cially in pupae classification, by reassigning them to the prepupa class. 
This integration allows the model to adapt predictions based on small 
movement changes, leading to improved performance and robustness in 
BSF larval stage detection.

The key contribution of this work is the automation of the larval 
stage identification process. The CNN model is capable of distinguishing 
larval stages that are difficult to differentiate with the human eye, 
particularly in the case of pupae/prepupae. Additionally, the proposed 
methodology is innovative as it integrates an enhanced deep learning 
approach with optical flow analysis. A similar hybrid approach has been 
proposed combining microfluidics, deep learning, and optical flow to 
analyze the behavior of Steinernema carpocapsae entomopathogenic 
nematodes (EPNs) in response to stimuli [53]. The integration of optical 
flow analysis further revealed significant variations in motor activity, 
providing valuable insights into the dynamic responses of EPNs and 
enhancing the understanding of their behavior for improved biocontrol 
strategies.

The trained CNN model, enhanced with optical flow, autonomously 
recognizes larval stages, significantly reducing the time and resources 
required from human operators who would otherwise perform this task 
manually. Automation, as seen in many industrial processes, plays an 
important role in improving efficiency, minimizing errors, and cutting 
operational costs. In the context of H. illucens breeding, this model fa
cilitates a more streamlined and consistent workflow, allowing large- 
scale production systems to operate with higher precision and 
sustainability.

Accurate identification of BSF larval stages holds significant promise 
for optimizing resource utilization and reducing operational costs in 
biosystems focused on sustainable waste management [54–56]. In
dustries specializing in utilizing BSF larvae for protein production or 
biofuel generation can benefit from the precise separation of larval 
stages, ensuring high-quality and standardized end products. Further
more, the application of AI in the context of BSF and edible insects has 
implications beyond terrestrial concerns, particularly in BLSSs [57]. The 
model’s potential role in enhancing these systems is crucial for pro
longed space missions, aligning with the interdisciplinary nature of 
biosystems engineering [31,58–60].

Ongoing efforts in refining the model architecture, training strate
gies, and incorporating feedback from real-world applications are 
essential for continuous improvement. This iterative optimization pro
cess aligns with the interdisciplinary nature of biosystems engineering, 
ensuring the relevance and efficacy of the automated detection system.

5. Conclusions

This study demonstrated the effectiveness of a deep learning model 
combined with optical flow in automatically detecting BSF larval stages, 
offering a reliable alternative to traditional manual methods prone to 
errors. The CNN showed excellent performance, with high precision, 
recall, and mAP scores, proving its ability to reliably identify BSF larvae, 
prepupae, and pupae in real-world conditions. The network differenti
ated larval stages that were challenging to distinguish through tradi
tional visual inspection. The optical flow integration helped improve the 
model’s performance, especially when distinguishing between prepupae 
and pupae, where movement patterns play a crucial role. The proposed 
approach turns out to be both innovative and effective. This automated 

system improves efficiency by reducing errors and saving time in BSF 
applications. Its implementation can optimize resource management, 
simplify operational processes, and ensure high-quality mass production 
for industries utilizing BSF in protein, biofuel, and waste processing 
applications. Moreover, the ability to accurately classify BSF life stages 
can refine harvesting and feeding strategies, maximizing bioconversion 
potential while minimizing costs. Additionally, the model could have 
applications beyond Earth, particularly in space, where it could 
contribute to bioregenerative life support systems. Future work should 
focus on expanding the dataset and testing the model in real-world en
vironments to validate its robustness across different conditions and 
scenarios.
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