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Abstract: - Agronomy students need to identify agricultural pests like fruit flies of the genus Anastrepha, a task 
often hindered by the lack of interactive tools. This study develops a mobile "virtual laboratory" that integrates 
augmented reality (AR) with deep learning for species recognition in biointensive fruit-growing ecosystems. 
The MobileNetV2 architecture was chosen over VGG16 for its greater efficiency-to-accuracy ratio. The 
Barracuda inference worked with the Unity engine so that it could handle data in real time. A test set of 200 
images was used for experimentation, yielding an F1 score of 0.98 and an accuracy of 98%. Usability tests 
were also conducted to measure the optimal AR scanning distance, which showed that the ideal distance was 
15cm. Therefore, it can be concluded that this is an effective tool for species identification, with low latency 
and no internet connection required for cloud services. 
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1 Introduction 
Precision agriculture and biointensive fruit growing 
are paradigms for optimizing yields and minimizing 
environmental impact. However, the application of 
these sustainable methods in the Andes, specifically 
in the Cotopaxi province of Ecuador, often 
encounters the problem of fly pests that are not 
easily identifiable. Amon then, “fruit flies of the 
genus Anastrepha (Diptera: Tephritidae) represent a 
significant phytosanitary pest, as they cause direct 
damage to the fruit pulp and economic losses for 
local producers”, [1]. The correct taxonomic 
identification of these species is, therefore, 
fundamental for effective integrated pest 
management strategies. Agronomy students and 
field workers find it challenging to accurately 
classify the subtle physical characteristics required 
(ovipositor structures, wing venation patterns, etc.), 
[2]. 

The traditional teaching approach, represented 
by dichotomous keys, fixed two-dimensional charts, 
and preserved specimens, might not allow for 
meaningful interaction in order to be meaningful, 

[2]. In rural schools, the gap between what is known 
in the books and what students are actually skilled 
in field knowledge still exists, as students do not 
have access to an entomology laboratory with the 
required tools. 

For this reason, AR-AI integration is proposed 
as a solution for opening a novel approach to solve 
this issue. Augmented reality (AR) enables students 
to manipulate virtual 3D samples from multiple 
viewpoints by overlaying digital content onto the 
real world, supporting situated learning, [3]. 
Meanwhile, deep learning automates the image 
recognition step. Despite studies successfully 
classifying pests using neural networks, they remain 
largely based on cloud architectures, which are 
unfeasible in poor network regions, [4]. 

The core goal of this study is to develop a 
mobile "Virtual Laboratory" applying Augmented 
Reality to train morphological features and a 
Convolutional Neural Network (CNN) to 
automatically detect images offline. We apply the 
MobileNetV2 architecture and the Unity Barracuda 
inference engine to develop a state-of-the-art, real-
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time training tool that is embedded right on the 
mobile device (edge computing), allowing access to 
cutting-edge diagnostic equipment for agricultural 
engineering students. 
 
1.1 Mobile Computing and the Android 

 Ecosystem 
Mobile devices were first made to help people talk 
to each other, but now they are sophisticated 
computer platforms that can be used in science. The 
Android ecosystem is the most popular in rural 
Ecuador since it is open source and works with a lot 
of different devices. Because so many people use 
Android, it's the best platform for easily available 
instructional resources, [5]. This proposed algorithm 
utilizes hardware peculiarities of modern 
smartphones, such as their high-resolution digital 
cameras for taking pictures and their specialized 
GPUs (Graphics Processing Units) for running 
neural inference techniques and making 3D images. 
 
1.2 3D Modelling and Texturing 
The virtual specimens must have a photorealistic 
model to ensure the application's educational value. 
For polygonal modelling, Blender was utilized due 
to its advanced sculpting and UV mapping 
capabilities. To represent the head, thorax, and 
abdominal components, a polygonal mesh based on 
spherical primitives was created. Importantly, semi-
transparent textures mapped from microscopic 
photographs were used to mimic the wing patterns, 
which are essential for distinguishing Anastrepha 
species. Lastly, as illustrated in Figure 1, a skeletal 
rigging system was used to replicate natural 
anatomical positions. 
 

 
Fig. 1: The skeletal structure of the Anastrepha 
specimen was modelled using Blender 
Source: created by the authors 

 
1.3 Augmented Reality (AR) 
Augmented reality (AR) involves adding digital 
information to the real world in real time. Unlike 
virtual reality (VR), which creates a separate 
environment, augmented reality (AR) enhances the 
user's understanding of their current surroundings. 

AR addresses the limitations of 2D media in 
entomology education by enabling the visualization 
of volumetric data. For this project, we used the 
Vuforia Engine, a Software Development Kit (SDK) 
that uses computer vision to monitor planar images 
(Image Targets). The technique allows the student to 
virtually inspect the insect's morphology with a 
simple movement of the device by recognizing a 
certain QR pattern and associating a high-fidelity 
3D model with it, as illustrated in Figure 2. 
 

 
Fig. 2: Using the Vuforia Engine to Connect 3D 
Models with Physical QR Codes 
Source: created by the authors 

 
1.4 Deep Learning and Convolutional 

 Neural Networks (CNN) 
Deep learning is now the norm for image 
classification. Convolutional Neural Networks 
(CNNs) are particularly promising since they can 
automatically learn hierarchical feature 
representations from raw pixel data. Nevertheless, 
deployment of CNNs on mobile devices is often 
restricted by memory size and latency. To overcome 
this, we employed the MobileNetV2 architecture. 
This model applies depth-wise separable 
convolutions, which dramatically reduce 
computational cost (Mult-Adds) and the number of 
parameters while still maintaining accuracy 
compared to traditional networks. We applied 
transfer learning to our fruit fly dataset using a pre-
trained ImageNet model (see Figure 3 for the altered 
layer structure). 
 

 
Fig. 3: Custom layers added to the MobileNetV2 
architecture 
Source: created by the authors 
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1.5 Edge Computing with Unity Barracuda 
Traditional mobile artificial intelligence applications 
typically move tasks to the cloud, which causes lag 
and necessitates internet access. In order to enable 
"Edge AI" to process data locally on the device, we 
integrated the Unity Barracuda inference engine. 
Barracuda connects the mobile hardware to the 
learned neural network. An interoperability standard 
called the Open Neural Network Exchange (ONNX) 
format, [6] is used to export the trained model from 
the Python environment. The pipeline in Figure 4 
illustrates how the application may carry out 
inference in real-time directly on the phone's CPU 
or GPU after importing this file into Unity. 
 

 
Fig. 4: Integration of the trained ONNX model into 
the Unity environment 
Source: created by the authors 
 

 

2 Methodology 
The proposed system architecture was developed 
using a modular pipeline. This included edge-
deployment integration, training optimization, 
neural network mathematical modelling, and data 
collection. 
 
2.1 Dataset Construction and Mathematical 

 Augmentation  
To ensure the model's ability to generalize across 
different environments, a large dataset of 5,000 
high-resolution images was created. The dataset's 
positive class, Anastrepha spp. The negative class, 
encompassing non-target insects, background noise, 
and foliar elements, was meticulously balanced. As 
building large biological datasets has its own 
inherent limitations, an online data augmentation 
method was used in the training process. The second 
methodology reduces the modelling overfitting to 
certain orientations or backgrounds by simulating 
the variability in the field conditions, such as 
camera rotation, varying scale, changes in 
illumination, etc. 

In formal usage, the augmentation was defined as 
a set of affine transformations performed on an 
input image tensor. In addition, a transformation 
matrix M, incorporating rotation, scaling, and 
translation operations, can be obtained with 
equation (1), to use to obtain the transformation 
coordinates for a pixel initially located at 
coordinates such as (x, y), [7]. 
[x', y', 1]T = M · [x, y, 1]T   (1) 

 
The matrix M, which contains translation vectors 

tx,y, scaling factors sx,y ∈ [0.8, 1.2], and rotation 
parameters θ ∈ [-30°, 30°], thus makes for a 
stochastic transformation process. This process 
requires the convolutional neural network (CNN) to 
determine rotation-invariant features, which is 
important for insect detection in unstructured field 
situations where the subject's orientation by camera 
frame varies, [8]. In addition, the horizontal and 
vertical orientation random flips were employed, 
with a probability of 0.5, to control for bilateral 
symmetry.  

 
2.2 3D Modeling and Visualization  
Using Blender, high-fidelity 3D models were made 
to make it easier to accurately identify taxonomic 
groups in the Augmented Reality (AR) 
environment. The modelling pipeline put 
topological optimization first while still making sure 
that the biology was accurate for mobile rendering. 
This was done in two steps: first, high-polygon 
models were sculpted to show fine details, and then 
retopology was done to make low-polygon assets 
that worked well for real-time rendering.  

Using planar mapping and high-resolution 
texture maps, we were able to add important 
taxonomic features, such as the unique wing 
venation patterns (the S-band and V-band, in 
particular), [9]. This method makes sure that the 
visual diagnostics that entomologists use to tell 
Anastrepha apart from other Tephritidae species will 
still work. To make the AR environment look more 
like real insects moving, a skeletal rigging system 
was added. This system gives bones and skin 
weights a hierarchy. This got users more involved 
and helped them learn. 
 
2.3 Mathematical Formulation of the CNN 

 Architecture  
It has been opted to consider the MobileNetV2 
architecture as the basis for the classification task, 
due to the limited computation capacity of mobile 
devices, especially in terms of their small battery 
life and thermal throttling. MobileNetV2 uses a 
depthwise separable convolution, whereas CNNs 
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based on regular convolutions (e.g., VGG16) are 
more expensive to compute. This new architecture 
separates a regular convolution into two layers: a 
pointwise 1x1 convolution to combine features, and 
a depth-wise convolution for space filtration, [10].  

This decomposition greatly reduces the number 
of math operations. For cheap computing (2), the 
percentage of η needed for saving the cost of 
computation is represented as η: 
η = (1 / N) + (1 / DK

2)    (2) 
 

Where the DK is the dimensionality of the spatial 
kernel, and N is the number of output channels. A 
straightforward 3x3 kernel (DK = 3) is the cost of 
computation that is typically about 8-9-fold cheaper 
compared to conventional convolutions, [11]. This 
is even better in the context of inverted residuals in 
linear bottlenecks, as the network keeps the 
information in low-dimensional bottlenecks and 
expands to high-dimensional ones for non-linear 
transformations. This accelerates the flow of 
information throughout the network.  
 
2.4 Comparative Architecture Analysis  
We extensively compared with other state-of-the-art 
architectures widely used in computer vision to 
confirm the choice of MobileNetV2. We compared 
model complexity (parameter count), physical 
storage capacity, and computation load (FLOPs) in 
order to determine the trade-offs for download times 
and the size of application bundles. These metrics 
are presented in Table 1. 
 
Table 1. Computational Complexity and Efficiency 

Comparison 
Architecture VGG16 ResNet50 MobileNetV2 
Parameters 

(Millions) 

138.3 M 25.6 M 3.4 M 

FLOPs 

(Millions) 

~15,300 ~3,800 ~300 

Model Size 

(MB) 

~528 ~98 ~14 

Edge 

Suitability 

Low 
(High 

Latency) 

Medium 
(Moderate 

Lag) 

High 
(Real-Time) 

Source: created by the authors 

 
It was observed that VGG16 has many 

parameters (138M), and this would make the model 
much larger than 500MB. This also means that it is 
not suitable for mobile and would overfit on small 
datasets. ResNet50 is a decent middle ground, but 
on mid-sized machines, its processing load of 
approximately 3.8 GFLOPs can still give noticeable 
latency points. MobileNetV2 itself has just 3.4 
million parameters and about 300 million floating-

point operations per second (MFLOPs), but it 
achieves good accuracy and is well balanced. The 
point here is to say that it can predict on the edge 
constantly and never fail. This quantitative approach 
(accuracy and computation cost) is consistent with 
standard algorithm selection procedures in many of 
the investigated areas, [12]. 
 
2.5 Setting up and Improving the Training 

 Process 
Then it was trained on the ImageNet dataset using 
Transfer Learning, which started the network with 
weights trained on the ImageNet dataset. This 
initialization helps the model leverage learned low-
level features (such as those with simple edges and 
textures) and achieve the goal of insect 
categorization much more quickly.  

This means that it has swapped out the last fully 
connected categorization layer for one able to 
handle binary output, such as what our task does. 
The optimization was to reduce Binary Cross-
Entropy Loss, which observes the difference 
between the predicted probability distribution and 
the actual labels. It is expressed in (3) as: 
L(y, ŷ) = -(1/N) ∑ [yi · log(ŷi) + (1 - yi) · log(1 - ŷi) (3) 

 
Here, ŷi is the expected probability, and yi is the 

actual binary label. Given the need for a good way 
to adjust the training weights in the light of sparse 
gradients and the increasing/decreasing learning 
rates over time, the Adam (Adaptive Moment 
Estimation) optimizer was used to change the 
weights in the network. The fixed batch size, 32, 
and the learning rate α = 0.0001 ensured 
convergence stability over 25 epochs.  
 
2.6 Unity Integration Pipeline   
TensorFlow was then preprocessed for deployment, 
passing it to the ONNX (Open Neural Network 
Exchange) format to ensure that it would perform 
for all hardware, [13]. Using the Barracuda 
inference library, a neural network graph was 
executed on the GPU of the mobile device (OpenGL 
ES 3.0+ or Vulkan) or CPU (using NNAPI). It is the 
engine of inference in the Unity app.  

It was also obtained from AR Foundation in 
order to generate the camera feed for live 
classification. Each frame is preprocessed, which 
involves pre-processing by cutting and resizing the 
input texture size (224x224) to meet the needs of the 
network and normalizing (standard deviation 
scaling, channel-wise mean subtraction) it to the 
statistics of the training data. This processed tensor 
can then be run by the Barracuda worker. This 
simplified pipeline ensures a smooth and responsive 
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user experience and ensures that inference times 
cannot exceed 200 ms, [14]. We visualize the 
structure of the mobile integration we had using 
MobileNetV2 and Unity Barracuda in Figure 5. 
 

 
Fig. 5: Architecture of mobile’s integration 
Source: created by the authors 

 

 

3 Results 
 

3.1 Model Performance Evaluation  
With a batch size of 32, the MobileNetV2 model 
was trained over 25 epochs. The model attained 
convergence around the 20th epoch, as 
demonstrated by the learning curves in Figure 6. As 
demonstrated by the training accuracy of 99.2% and 
the validation accuracy of 98.0%, the data 
augmentation procedures were successful in 
preventing overfitting. The loss function 
progressively decreased with a selected learning rate 
of 0.0001, thus proving that the Adam optimizer 
works. 
 

 
Fig. 6: Accuracy / Loss Curves for Training and 
Validation 
Source: created by the authors 

 
The effectiveness of the classification using the 

test set of 200 photos (100 of which were non-target 

and 100 of which were Anastrepha spp.) was 
analysed to build a further confusion matrix, as 
shown in Figure 7. For any field scouting tool, a pair 
of poor classifications, just two false negatives and 
two false positives, is fine. 

 
Fig. 7: Confusion Matrix 
Source: created by the authors 

 
3.2 Comparative Efficiency Analysis   
We compared the MobileNetV2 model deployed 
with VGG16 and ResNet50 in terms of computation 
cost and model size. MobileNetV2 is far more 
efficient than VGG16, though, as it takes only 3.4 
million parameters (Figure 8), versus 138 million 
parameters in VGG16. Due to that drastic decrease, 
the program might still function easily on mid-range 
mobile devices, as is common in rural areas, with a 
low footprint and approximately 14 MB. 
 

 
Fig. 8: Comparison of Model Size and Parameter 
Source: created by the authors 

 
3.3 Usability and AR Performance   
Usability Testing was mainly done to check the 
stability of the Augmented Reality tracking. The 
detection success rate was obtained at different 
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distances away from the target marker. Results are 
documented in Figure 9, and the ideal scanning 
distance is 15 cm, and the detection rate at that 
distance reached 100% with a constant 3D model 
overlay. The tracking stability declined at long 
distances of > 30 cm due to camera resolution 
constraints. 

 
Fig. 9: AR Detection Rate vs Distance 
Source: created by the authors 

 
3.4 Inference Latency and Device 

 Interoperability  
In order to prove the potential of the "Edge 
Computing", we compared the inference latency of 
three different device tiers: high-end (Samsung 
S21), mid-range (Xiaomi Redmi Note 10), and low-
end (Samsung A10s). Testing was performed with 
both the CPU (NNAPI) and GPU (Vulkan) 
backends through Unity Barracuda. 

The low-end hardware faced issues with CPU 
inference (~180 ms), while it had 65 ms (Figure 10) 
latency when using the GPU backend, which falls 
below the real-time criterion (30 FPS requires less 
than 33 ms, but 100 ms can suffice for 
classification). High-end devices are characterized 
by model inference times that are less than 20 ms, 
proving the scalability of the MobileNetV2 
architecture. 

 

 
Fig. 10: Inference Latency Benchmark (CPU vs 
GPU) 
Source: created by the authors 

3.5 Energy Profiling and Thermal Impact  
Thermal throttling may occur as a result of long-
running AR and NN. In a test, for 30 minutes, we 
looked at the battery drain. On a 4000mAh battery, 
the application had an average discharge rate of 
15% per hour. From Figure 11, the thermal trend of 
the device, which is stable at 38°C for prolonged use 
with a handheld device. By contrast, a heavy model, 
like the VGG16, broke down (even to 45°C+) in 10 
minutes, throttling OS-standard performance. 
 

 
Fig. 11: Thermal Evolution 
Source: created by the authors 

 
3.6 Validation of Mathematical Models  
To verify the mathematical formulas provided in the 
technique through empirical means 

 
Impact of Affine Transformations (Equation 1): 

To assess the contribution of the data augmentation 
matrix M (Eq. 1), we did an ablation investigation. 
As shown in Figure 12, the model achieved 98% 
accuracy once the stochastic modifications were 
added; however, training with no mathematical 
adjustments brought a fast overfitting mechanism 
(Validation Accuracy stalled at 76%). This indicates 
how significant the rotation-invariant properties of 
Equation 1 are to the identification of a field. 
 

 
Fig. 12: Ablation Study - With vs Without 
Augmentation 
Source: created by the authors 
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Theoretical vs. Actual Efficiency (Equation 2): 

Equation 2, expected using Depthwise Separable 
Convolutions instead of performing normal 
convolutions, would cost about ninefold less to 
process in theory. Our results indeed corroborate the 
efficiency ratio η from the methodology, showing a 
programming speedup factor of 8.8x as well as a 
latency drop from approximately 180 ms to about 20 
ms. 
 
3.7 Precision and Distance Dependent 

 Recognition  
We evaluated the accuracy with which the neural 
network classifies samples at various distances 
beyond AR marker detection. Physical distance is 
related to recognition accuracy in Figure 13. The 
sweet spot for identification accuracy, when 
accuracy exceeds 95 percent, is found in the 10–20 
cm area. Loss of texture detail due to camera sensor 
limitations greatly diminishes the confidence in 
classification beyond 30 cm in range. 
 

 
Fig. 13: Classification Precision vs Distance 
Source: created by the authors 

 
3.8 Statistical Reliability Analysis (Gaussian 

Distribution)  
To ensure that the superiority of MobileNetV2 is 
statistically significant and not just a function of 
coincidence, we conducted a 10-fold cross-
validation with ResNet50 and VGG16. A Gaussian 
distribution of F1-Scores can be seen in Figure 14. 

 MobileNetV2 shows the most consistent 
performance (Mean=0.98, σ=0.01). 

 ResNet50 shows slightly more dispersion 
(Mean=0.94, σ=0.03). 

 A high instability of VGG16 (Mean=0.92, 
σ=0.05) is most likely the result of 
overfitting due to its high number of 
parameters when compared with the dataset 
size. 
 

 
Fig. 14: Gaussian Distribution of Cross-Validation 
Scores 
Source: created by the authors 

 
This shows that MobileNetV2 is also 

numerically more reliable and efficient in particular 
agricultural operation as this. 
 
3.9 Functional Implementation and Field 

 Testing  
When the statistical validation is done, the system 
can be tested in the field (in offline conditions). The 
first step of the functional workflow (illustrated in 
Figure 15) is the Augmented Reality engine locating 
the specific QR code associated with the localized 
trap. This is the critical step to build the spatial 
anchor that joins the digital data with the physical 
sense.   
 

 
Fig. 15: AR Anchor Initialization and QR Tracking 
Source: created by the authors 

 
The embedded MobileNetV2 model processes 

the video feed in real time. The system can identify 
the specimen as Anastrepha fraterculus, with 99.8% 
confidence, using Figure 16. It indicates that the 
system can even classify taxonomy in situ, without 
requiring external cloud connectivity. 

The information system also delivers detailed 
biological information for educated decisions. Once 
a specimen has been identified, an extensive 
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datasheet, covering taxonomic classification, pest 
status, and the organisms affected in the respective 
crops (e.g., Guava, Mango), makes its way to the 
user (Figure 17). The feature also enhances the 
educational use of the tool. 
 

 
Fig. 16: Real-time Classification of Anastrepha 
fraterculus 
Source: created by the authors 

 

 
Fig. 17: Species Information and Impacted Crops. 
Source: created by the authors 

 

Lastly, a data log-based geolocation application 
is built into the application to contribute to the 
phytosanitary monitoring. The application also 
provides the option to modify or exclude specific 
crops if they do not perform well. A pest 
distribution map of the area under examination in 
Cotopaxi province can be seen in Figure 18, and it 
employs OpenTopoMap tiles to represent the area 
relief. The mapping illustrates individual incidence 
points (e.g., at coordinates -0.593, -79.021) along 
the Sigchos – La Maná corridor, helping 
students/technicians to identify high-risk areas. 
 

 
Fig. 18: Pest Distribution Map (Cotopaxi) with 
Terrain Relief 
Source: created by the authors 

 

 

4 Discussion 
This mobile tool was developed based on the 
growing need for agricultural education to use 
technology. It proves that Deep Learning models are 
possible and even extremely successful in mobile 
Augmented Reality (AR) apps. Unity Barracuda 
was utilized to develop the MobileNetV2 
architecture for on-device inference, which was a 
major achievement of this work. Unlike cloud-based 
solutions that require continuous internet 
connectivity, this approach vastly reduces latency, 
which is critical for remote farming areas where 
connectivity varies a lot, [15]. 
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Notably, the sustainability of mobile instruments 
in the field is determined by energy efficiency. 
Thermal profiling results (Figure 11) are evidence 
of the solution's feasibility. The virtual lab can run 
for many hours without the risk of hardware damage 
or disturbance of the user's comfort in tropical 
agricultural climates with high ambient temperature, 
as the device temperature is < 40°C. This is often 
overlooked in software-centric evaluations. In 
classrooms, interactive 3D models can represent the 
majority of all new learning materials, and their 
absence was the only reference when textbooks and 
static images replaced them, an educational 
paradigm shift. 

Mobile applications significantly enhance levels 
of motivation and student engagement in education, 
[16]. Our black-box testing validated that through 
intuitive interaction with the 3D specimens, students 
were able to derive a deeper understanding of 
morphological structures that, in comparison, are 
difficult to capture via standard diagrams. 
Moreover, in line with trends observed, [17], the 
extent to which AI tools are employed for visual 
interpretation also aligns well with ways for AI tools 
to serve as useful educational companions that 
lower the procedural hurdle for complex taxonomy 
recognition. 

The performance of the model as a biological 
model is not limited to accuracy. As confusing a 
harmless insect with a pest, the confusion matrix, 
restricted in terms of false positives (Figure 7), is 
key for pest control. Moreover, unlike VGG16’s 
more complex architectures, where the volatility is 
large, the statistical rigidity observed in the 
Gaussian distribution of F1-scores (Figure 14) 
shows how not only is MobileNetV2 efficient, but it 
is also consistent, [18]. This provides good 
candidates for recommending lightweight precision 
agriculture instrument architectures. 

However, the validation variations (Figure 6) 
prove that environmental factors, including 
background noise and lighting, affect the model 
confidence. This is in keeping with research done by 
[19], highlighting the issue of using AI to generate 
and recognize images in a diverse range of visual 
environments. 

The optimum scanning range for usability was 
found to be 10–30 cm for the study. This limitation, 
though helpful for macro-level details, means that a 
closer look at the subject has to be done. But this 
range is a sufficient distance for investigating the 
preserved or trapped specimens when they are in a 
field or laboratory. Users are guided to the authors' 
primary thesis work for further consideration of the 

user experience procedures and the wider training 
dataset, [20]. 
 

 

5 Conclusion 
The scanning range of 10–30 cm was determined to 
be optimal for usability. Though this restriction is 
fine with macro-details, it makes users pay attention 
heavily to the subject matter. Although this distance 
is still enough for inspecting collected or preserved 
specimens in field or lab environments. The authors' 
main thesis work is advised for readers hoping for a 
complete exploration of the user experience 
protocols and the whole dataset used to train. 

While traditional methods of teaching don't offer 
effective solutions, the "Virtual Laboratory" avoids 
these drawbacks by providing a stimulating learning 
environment that simplifies our ability to understand 
complex morphological systems. When measured 
with a reliable AR tracking range of 15 cm, the 
usability study confirmed that the device is 
workable in the field. 

To provide even more extensive educational 
feedback, future work will focus on augmenting the 
dataset with more economic pests of the Tephritidae 
family and performing real-time semantic 
segmentation to identify underlying structural 
characteristics (such as wing bands). 
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