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Abstract
Forensic entomology is the branch of forensic science that is related to using arthropod specimens found
in legal issues. Fly maggots are one of crucial pieces of evidence that can be used for estimating post-
mortem intervals worldwide. However, the species-level identi�cation of �y maggots is di�cult, time
consuming, and requires specialized taxonomic training. In this work, a novel method for the
identi�cation of different forensically-important �y species is proposed using convolutional neural
networks (CNNs). The data used for the experiment were obtained from a digital camera connected to a
compound microscope. We compared the performance of four widely used models that vary in
complexity of architecture to evaluate tradeoffs in accuracy and speed for species classi�cation
including ResNet-101, Densenet161, Vgg19_bn, and AlexNet. In the validation step, all of the studied
models provided 100% accuracy for identifying maggots of 4 species including Chrysomya megacephala
(Diptera: Calliphoridae), Chrysomya (Achoetandrus) ru�facies (Diptera: Calliphoridae), Lucilia cuprina
(Diptera: Calliphoridae), and Musca domestica (Diptera: Muscidae) based on images of posterior
spiracles. However, AlexNet showed the fastest speed to process the identi�cation model and presented a
good balance between performance and speed. Therefore, the AlexNet model was selected for the testing
step. The results of the confusion matrix of AlexNet showed that misclassi�cation was found between C.
megacephala and C. (Achoetandrus) ru�facies as well as between C. megacephala and L. cuprina. No
misclassi�cation was found for M. domestica. In addition, we created a web-application platform called
the�y.ai to help users identify species of �y maggots in their own images using our classi�cation model.
The results from this study can be applied to identify further species by using other types of images. This
model can also be used in the development of identi�cation features in mobile applications. This study is
a crucial step for integrating information from biology and AI-technology to develop a novel platform for
use in forensic investigation.

Introduction
The �y larvae of Chrysomya megacephala (Diptera: Calliphoridae), Achoetandrus ru�facies (Diptera:
Calliphoridae), Lucilia cuprina (Diptera: Calliphoridae), and Musca domestica (Diptera: Muscidae) have
long been recognized as crucial clues in medicolegal forensic entomology, especially in Thailand [1–2].
The determination of the minimum time since death (MTD) from �y maggots plays a primary role in
estimating the post-mortem interval [3]. Moreover, human myiasis [1], the infestation of �y maggots in a
living person, may be found in neglected people. Therefore, �y larvae can be used to estimate the
minimum abandonment duration. The accuracy of MTD determination and abandonment duration
mainly relies on species identi�cation. The pain point of species identi�cation is the requirement of
taxonomic experts, especially in a larval stage. The morphology of larvae is vermiform, circular in cross
section, tapering to a point, and having no legs. For the larval stage, the morphology of the posterior
spiracle is one of the important characteristics for species identi�cation. Posterior spiracles are the
organs involved in the gas exchanges, which are in the last segment and are joined to the dorsal
longitudinal trunks of the internal tracheal system. The spiracles are placed in two chitinized plates
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surrounded by the peritreme. Typically, the number of slits can be used to classify the stage of larvae. For
example, the third-stage larva has three slits in each side of the posterior spiracle. Although the posterior
spiracles of some species have speci�c characteristics, non-taxonomists cannot differentiate them.
Species identi�cation based on morphological characteristics is more di�cult at the larval stage than at
the adult stage. Moreover, it is time consuming, and requires specialized taxonomic training. In addition,
the number of taxonomists and classi�cation experts has drastically decreased so far. Although
molecular techniques have been accepted for �y species identi�cation, speci�c equipment and reagents
are needed in the laboratory. Because reliability of evidence is the important key for forensic investigation,
alternative automatic identi�cation methods with expert-level classi�cation accuracy are highly required
in this �eld. Automatic identi�cation of species is important not only for �ies in forensics, but also for
other insects in general since it contributes to various purposes such as environment monitoring, pest
diagnostics, and vector epidemiology [3]. Many previous studies indicated that automatic classi�cation
of insect species achieved high classi�cation accuracy. Currently, many classi�cation models based on
convolutional neural networks (CNNs) have been proposed in the �eld of computer vision. CNN is the type
of multi-layered network learning algorithm, which usually contains multiple convolution layers, batch
normalization layers, and fully connected layers [4]. Many previous reports demonstrated that the CNNs
models have achieved species identi�cation of insects with high accuracy and precision [5–9]. Based on
our information, there have been no reports on the identi�cation modeling of forensically-important �y
maggots based on CNNs. Therefore, the novel method was proposed and the identi�cation model was
developed in 2 parts, including a custom object detection model for detection of position by using
Labeling, and YOLO programs, consecutively, and the multiple deep learning models to identify posterior
spiracle images of four �y species including Chrysomya megacephala (Diptera: Calliphoridae),
Chrysomya (Achoetandrus) ru�facies (Diptera: Calliphoridae), Lucilia cuprina (Diptera: Calliphoridae), and
Musca domestica (Diptera: Muscidae). All four �y species have been recognized as medically- and
forensically-important worldwide [1–2, 10–12]. In this study, the assessment of the identi�cation was
compared with state-of-the-art CNNs including ResNet-101, Densenet161, Vgg19_bn, and AlexNet. The
best performance model was selected and used to develop a web-application for automatic species
identi�cation.

Material And Methods

Preparation of Posterior spiracle
Slides of the posterior spiracle were prepared following the method of Bunchu et al. [13]. Brie�y, the
morphology of the posterior spiracle was investigated by using the hydroxide clearing method. Maggots
of each species (C. megacephala, C. (A.) ru�facies (Diptera: Calliphoridae), L. cuprina, and M. domestica)
were laboratory strains, which were obtained from the Medical Entomology Laboratory, Department of
Microbiology and Parasitology, Faculty of Medical Science, Naresuan University. The posterior spiracles
of each species were photographed under the light microscope connected to the digital camera. All the
images were used in the training process. The identi�cation of all specimens was con�rmed by the
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experts. For demonstration purposes, example images of each species were inverted using the rgb colors
from rgb (255, 255, 255) to rgb (0, 0, 0) by using the image adjustment function of Adobe photoshop
2021 to increase the clarity of the images. 

Image data set
In this study, the images of the posterior spiracles of four forensically-important �y species as mentioned
above were analyzed. All original images have been categorized as “veri�ed” after they were identi�ed
and con�rmed by an expert. In total, 17,144 original images were used in this study and divided into
training (12,000 images), validation (3,428), and testing (1,714) groups with a number ratio of 70:20:10,
respectively. In the �rst step, we developed a custom object detection model for detection of position of
posterior spiracle in the image by using Labellmg program. Five hundred images were used for training
the object detection model. The custom object detection data set was encoded to the JSON format. After
that, this custom data set was implied with the YOLO object detection algorithm to crop images tightly to
each species. Cropped images less than 224x224 pixels were discarded from this study. This custom
object detection model provided the con�dence and accuracy ≥ 80%. The process of image detection
was shown in Figure 1. The image data set was encoded to the JPEG format for the next model training.

Model training
In this study, we compared the performance of four widely used models that vary in complexity of
architecture to evaluate tradeoffs in accuracy and speed for species classi�cation including ResNet-101,
Densenet161, Vgg19_bn, and AlexNet. In the �rst step, we used the model from the previous step as
mentioned above to speed up the training process. After randomly shu�ing images in each species, the
images within the species were divided by 70:20:10 ratio into training, validation, and testing groups. For
each model, cropped images were resampled to the standard size for the input model. After using these
models initially, we used 224x224 pixel images for Resnet-101, Densenet161, Vgg19_bn, and AlexNet. We
used an image augmentation strategy following the previous study by Spiesman et al. [14]. Stochastic
gradient descent (SGD) optimizer with an initial learning rate of 0.01 for all models were used. We used
batch normalization and models were trained for the 50 epochs using Nvidia K80, T4, P4 and P100 GPUs.
At the species level, two metric model performance was calculated, including precision and recall. Macro
precision or mean of species-level precision scores and macro-recall or mean of species-level recall
scores for each model were determined. The mean time needed to predict the image in the test data set
was also quanti�ed as the model speed. All speed tests run on the same system using Nvidia K80s, T4s,
P4s and P100s GPUs. The best performance model from this study was selected and used to develop
web applications for automatic species identi�cation.

Results And Discussion
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Of which at the third instar, the external morphology of larvae is quite similar; thus, the morphological
identi�cation used to differentiate between its genera or species, generally includes cephalophalyngeal
skeleton, anterior spiracle, and posterior spiracles. The morphology of the posterior spiracle is one of the
important organs for identi�cation. A typical morphology of the posterior spiracle of third stage larvae
was shown in Figure 2. Their morphological characteristics were like the descriptions in the previous
reports [15–16]. Based on studying under light microscopy, the posterior spiracle of M. domestica was
clearly distinguished from the others. On the other hand, the morphology of the posterior spiracle of C.
megacephala and A. ru�facies was quite similar.

For model training, four of the CNN models used for species-level identi�cation of �y maggots provided
100% accuracy rates and 0% loss. Params, model speed, macro precision, macro recall, f-1 score, support
value, and model size were also presented in Table 1. As the results in Figure 3 presented, all models
provided 100% accuracy and 0% loss in the early stage of training (<10 epochs). This may be due to the
training and testing processes with cropping speci�c portion of the �y images by using our custom object
detection model. Moreover, all images were from the laboratory strains, which their variation of
morphological characteristics may be less than wild type. Therefore, training time was short, and
accuracy of the model was high. Of the four models tested, AlexNet demonstrated a good balance
between performance and speed. This model can proceed the system the fastest and its model size is the
smallest. The speed and accuracy of AlexNet make it useful for web-based and mobile applications that
rely on both speed and reliable predictions. Speed is a factor in user satisfaction and will be important for
future development such as video-based applications [14]. Therefore, we focus on the AlexNet results for
the remainder of this article.

Table 1
Comparison of model size, speed, and performance of each studied model (The text in bold indicates the

best value in each category.)
Model #Params

(million)

Model
speed (sec)

Model size
(mb)

Macro
precision

Macro
recall

f1-
score

support

Resnet101 44.6 246.0 170.96 1.00 1.00 1.00 3388

Densenet161 14.2 326.4 55.33 1.00 1.00 1.00 3388

Vgg19_bn 20.6 210.0 78.67 1.00 1.00 1.00 3388

AlexNet 2.7 10.8 10.58 1.00 1.00 1.00 3388

The AlexNet model can separate species explicitly into distinct groupings based on characteristics
extracted from the model (Figure 4). The results showed that some data of C. megacephala overlapped
the data of C. ru�facies. The visualization of the hidden convolutional layers in four example images of
AlexNet is clearly shown in Figure 5.

The classi�cation results (validation and test) for each image are displayed in the confusion matrices
(Figure 6) which show how predicted species (columns) correspond to the actual species (rows). The
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values along the diagonal indicate the number of correct predictions, whereas off-diagonal values
indicate misclassi�cations. Interestingly, no misclassi�cation was found after testing the model by using
the test images (Figure 6A). Therefore, the results indicated that the predictions of AlexNet model match
the taxonomic expert classi�cation. To con�rm the results of this study, we tested this model with other
images from outsources (internet and personal contact) and visualized the results using the PyTorch
CNN visualizations [17]. The confusion matrix showed misclassi�cation between C. megacephala and C.
ru�facies (Figure 6B), corresponding to the results of tSNE visualization. When the model was tested with
the outsource images, the accuracy of the classi�cation for C. megacephala, C. ru�facies, L. cuprina, and
M. domestica was 94.94, 98.02, 98.35, 100%, respectively (Figure 6B). The results from using the
Heatmap program showed that the prediction accuracy of this model was still high (99.30-100%),
depending on image conditions (Figure 7). The Framework of AlexNet model was demonstrated in Figure
8. Previously, CNNs have been used successfully to identify different cells or species [6, 8, 14, 18–19].
This study also con�rmed the e�ciency of CNNs in identifying �y species.

Finally, we created a web application called “The Fly” by using our classi�cation model for identifying
species of �y maggots. The web application is available at https://the�y.ai. Users can identify species of
�y maggot by uploading their images of posterior spiracles and the result with associated probability
percentage will then be shown. This web application can be accessed and used on both desktop and
mobile browsers. In terms of performance limitations, this web application was designed to identify only
four species of �y maggot using images of posterior spiracles. This web application is the beginning step
of the development of automatic species-identi�cation for �y species in Order Diptera. More images of
these four species and other species must be studied in the future. In addition, the results from this study
will be applied to develop a feature as a microservice for the identi�cation of �y maggots in a mobile
application called iParasites which is currently available on AppStore and GooglePlay. We, nonetheless,
wish to project that taxonomic experts are still important and critical for the development of this
automatic identi�cation by AI-based imaging system as mentioned in a previous report [20].

Conclusion
Currently, CNNS have been successfully used in a wide range of scienti�c discipline including
Entomology. This study demonstrated that all state-of-the-art CNNs used in this study including ResNet-
101, Densenet161, Vgg19_bn, and AlexNet provided high e�ciency in the computer vision aspect. AlexNet
showed the fastest speed to process the identi�cation model and can reliably identify species of �y
maggots based on images of posterior spiracles. However, the results from this study con�rmed that the
AI-based imaging system will be useful in developing automatic species identi�cation for �ies and other
insects. In the next step, more images of other �y species should be collected as training data sets.
Moreover, the results from this study can be used in the development of identi�cation features in mobile
applications and in further species identi�cation by using other types of images.
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Figure 1

The processes of the custom object detection model used in this study
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Figure 2

Morphology of posterior spiracles of four different �y species after inverting the image colors; A:
Chrysomya (Achoetandrus) ru�facies, B: Chrysomya megacephala, C: Lucilia cuprina, D: Musca
domestica
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Figure 3

Validation accuracy of the four different models during the training
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Figure 4

tSNE visualization of the AlexNet model by dimensionality reduction of the penultimate features (The test
data are shown in colors for different classes.) 
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Figure 5

Visualization of hidden convolutional layers in AlexNet for four example images (To clearly show the
patterns, we generated the color images; A: Chrysomya (Achoetandrus) ru�facies, B: Chrysomya
megacephala, C: Lucilia cuprina, D: Musca domestica)



Page 14/16

Figure 6

The confusion matrix achieved by the AlexNet model (A) Validation (B) Test dataset.
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Figure 7

Heatmap of attention maps of Alexnet on example images showing prediction accuracy (98.70-100%) of
this model for classi�cation of each �y species in different image conditions
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Figure 8

Framework of the proposed interpretation architecture for deep learning models, Alexnet in this study


