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used to assess the efficacy of restoration efforts. Gathering these metrics is a
slow and laborious process, quantified by an expert manually sorting and weighing arthropod specimens. We present a tool to accelerate bulk arthropod classification and biomass estimates utilizing machine learning methods for computer
vision.
2. Our approach requires pre-sorted arthropod samples to create a training dataset. We construct a dataset considering 18 terrestrial arthropod functional groups
collected in southern Ontario, Canada. The dataset contains 517 high-resolution
images with approximately 20 individuals per image taken from either a petri dish
or a bulk tray. Our tool uses the watershed algorithm to obtain precisely cropped
individuals without any object annotations. After manually sorting cropped images of biological ‘debris’ and petri dish edges, three classifiers, DenseNet121,
ResNet101 and MobileNetv2, each with trade-offs of computational efficiency
versus accuracy, are trained and compared to predict arthropod functional groups
for each cropped individual. To calculate biomass, we compare seven linear and
nonlinear models considering the arthropod pixel masks obtained using the watershed algorithm, in combination with images of a single function group with recorded weights, to calculate the per pixel density per functional group.
3. From our experimentation, we recommend using DenseNet121 as it had the highest top-1 functional group classification accuracy, likely a result of being the model
with the largest number of parameters, with 86.14% considering the 20 labelled
classes (18 arthropods plus debris and petri dish edge) in comparison to ResNet101
(85.10%) and MobileNetv2 (84.94%). For biomass estimation, we recommend
using the average per pixel density which had the highest ranked performance
considering both total error, 0.043 g (0.855% error), and cumulative class-specific
error, 1.62 g (40.67% average error across all classes), in comparison to the total
ground truth biomass of 5.10 g. Our estimated Simpson's Index of Diversity was
0.9404 in comparison to the ground truth 0.9408.
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4. Our method simultaneously classifies >1,000 arthropods to functional groupings while estimating total and class specific biomass, without any computer vision bounding box or mask annotations, all from a single photo. We release our
code and dataset to further research efforts in computer vision for arthropod
classification.
KEYWORDS

abundance, arthropod, biodiversity, biomass, classification, computer vision, deep learning,
malaise trap

1 | I NTRO D U C TI O N

success of deep learning methods for computer vision offers a promising alternative solution to overcome these bottlenecks.

Ecological restoration efforts often utilize abundance, biomass

The classification of arthropods using computer vision has existed

and diversity as a means of measuring the recovery of biodiver-

as a field since the 1990s (Yu et al., 1992). Traditional computer vision

sity patterns considering insects and other terrestrial arthropods.

methods involved constructing taxa-specific algorithms to extract

Insects and other arthropods play a crucial role in crop pollination

selected features from pixel values (i.e. numerical representations of

(Free, 1993), beneficial control of pests (Macfadyen et al., 2009) and

recognizable patterns). These features pass into a classifier, such as

terrestrial food web dynamics (Nakano et al., 1999). Drastic changes

k-nearest neighbour (Keller et al., 1985), logistic regression, random

in arthropod population abundance and diversity have negative

forests (Ho, 1995) or support vector machines (Hearst et al., 1998),

cascading effects on ecological stability and ecosystem resiliency

which operate on the features to distinguish between classes. These

(Borer et al., 2012; Kremen et al., 1993; Tscharntke et al., 2012).

methods are limited, however, as a specific algorithm needs to be

Hallmann et al. (2017)'s ground-breaking study demonstrated a

designed for each arthropod classification. Deep learning methods

75% decrease in insect abundance across 63 conservation areas

learn the feature extraction and classification steps in tandem by

over a 30-year span. Subsequent work confirmed that this declining

iterating over training images, removing the need to custom design

trend in insect abundance has been occurring across a wide vari-

feature extraction algorithms, while outperforming previous meth-

ety of taxa and locations (Sánchez-Bayo & Wyckhuys, 2019; Seibold

ods (Krizhevsky et al., 2012; Schneider et al., 2019). For a review of

et al., 2019; Wagner, 2020). This observation led to the launch of

pre-deep learning methods, see Martineau et al. (2017). For a review

several global biomonitoring initiatives to investigate this declining

focused on deep learning results for pests, sucking insects, fruit flies,

trend, such as the International Barcode of Life's BIOSCAN pro-

red palm weevil Rhynchophorus ferrugineus, see Cao et al. (2020).

gram (Global Malaise Program; Hobern, 2021). The analyses of bulk

Previous works utilizing deep learning for arthropod classifica-

samples created by these initiatives are currently limited by expert

tion are limited by either classifying a single individual per image, or

analysis, restricting which laboratories are capable of performing

when bulk imaging, requiring human labelled computer vision anno-

arthropod-related studies, while also forming delays when reporting

tations of bounding boxes or masks of every arthropod individual.

on ecological trends. New methods which quantify the abundance,

Both of these requirements are expensive limiting steps in the analy-

biomass and diversity of bulk arthropod samples without the need

sis of bulk arthropod samples. By utilizing pre-sorted jars and a solid

of an expert overcome these limitations, and in so doing, expedite

coloured background, we demonstrate how a combined approach

the global mission to understand the potential threat of food web

using the watershed algorithm to localize and crop samples, followed

collapse due to decreased arthropod abundance.

by classification using a trained deep learning model, can process

A major limitation of current research capacity when identifying

bulk samples without the need for any localized annotations. We

arthropods at the functional group level is resource availability. Few

present a novel solution to quantify ecological metrics using deep

individuals in the world are taxonomic specialists capable of identify-

learning for computer vision that can classify, count and estimate

ing insects and other arthropods reliably. Furthermore, these experts

the weight of >1,000 bulk arthropod individuals from a single photo.

are often overwhelmed with existing requests for identification. DNA
barcoding (deWaard et al., 2019; Hebert et al., 2004) has revolutionized our capacity for estimating species richness. However, DNA barcoding is impractical in comparison to current methods for estimating
arthropod abundance, biomass and diversity as they rely on the fre-

2 | M ATE R I A L S A N D M E TH O DS
2.1 | Dataset creation

quency of barcode reads in relation to an average biomass calculation. As a result, the process of quantifying and monitoring arthropod

The success of deep learning methods relies on data volume.

biodiversity is intensive, laborious and prohibitively expensive. The

Similarly, to quantify the effectiveness of habitat restoration on
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TA B L E 1

Description of arthropod functional groupings

Grouping

Description

Acari (mites)

4 orders

Araneae

Order

Services) Canada monitored Malaise traps at 32 different resto-

Coleoptera

Order

ration, conservation and high impact farming sites across temperate

Collembola

Class containing 4 order

southern Ontario since 2018. Malaise traps passively collect flying

Debris

Detached arthropod segment

insects and other terrestrial arthropods into a bottle of ethanol,

Dermaptera

Order

where they are preserved until collection. The samples are collected

Diptera

Order

every 2 weeks and returned to the laboratory, where technicians

Edge

Petri Dish Edge

trained in taxonomic identification assign captured individuals to

EPTs

Ephemeroptera, Plecoptera,
and Tricoptera

can meet the high data volume requirements of deep learning models and train a performant classifier.
The University of Guelph and ALUS (Alternative Land Use

functional groups (Table 1). Currently, the University of Guelph is in
possession of site-and time-specific biodiversity data gathered from

Hemiptera

Order

Malaise traps from 2018 that include 1.4 million individuals assigned

Hymenoptera (ants)

Family

via bulk DNA meta barcoding to 18,000 BINs (barcode index num-

Hymenoptera (bees)

6 related families in Canada

Hymenoptera (wasps)

70+ families

Larvae

Generic larvae of any order

Lepidoptera

Order

Neuroptera

Order

Non-mite Arachnids

Predominantly
Pseudoscorpiones and
Opiliones in Canada

Orthoptera

Order

Psocodea

Order

Thysanoptera

Order

bers, a proxy for species; Burgess et al., 2022; Figure 1). Ongoing
analyses of arthropod biodiversity data involve measuring overall
abundance by weight and species richness through individual DNA
barcoding or bulk meta barcoding analyses. Processing this and future arthropod biodiversity data provides valuable insight into the
trends of arthropod populations in southern Ontario, Canada.
The task of training a deep learning-based classifier on labelled
data is known as supervised learning (Hinton et al., 2006). Deep
learning models contain millions of modifiable parameters known
as weights. During training, the model iterates over labelled example images modifying internal weights to map a high-dimensional
input (such as pixels) to the desired classification domain (arthropod
functional group). Once trained, the system has ‘learned’ an internal representation capable of mapping from unseen images to label
considering images from the same domain as the training data. The
training data is a key aspect of a model's performance. To demon-

Notes: List of 20 classes used to train the deep learning models. The
classes contain 18 pre-sorted functional groups, with subgroups
determined by para-phyletic characteristics. These samples were
collected from Malaise traps throughout southern Ontario, Canada.
In addition, two classes, Debris and Edge, were manually sorted and
included to improve performance.

strate the practicality of our approach, we describe the construction
of the ALUS dataset, as well as the steps taken to train the model.

underperformed with such variability of shape and size. We pursued

Our approaches uses a deep learning architecture known as a con-

an alternative approach to reform the multi-class bulk classification

volutional neural network (CNN) to classify arthropod individuals

problem using a traditional computer vision algorithm to provide

to functional group (Krizhevsky et al., 2012; LeCun et al., 2015; Li

centred and cropped images of single arthropod individuals, fol-

& Deng, 2020; Ren et al., 2017; Schneider et al., 2018; Toshev &

lowed by the use of a deep learning model to perform the straight-

Szegedy, 2014).

forward task of cropped individual to output label.

The most straightforward supervised learning task involves map-

To crop individual arthropods from a bulk image, we take ad-

ping from a centred, cropped image of a single class to output label.

vantage of a uniform white background and implement the tradi-

When approaching a problem where multiple classes are present per

tional watershed segmentation algorithm to localize the individuals

image, deep learning models are commonly trained to predict either

rshed segmentation algorithm to localize the individuals (Bradski &

the bounding box around or the exact pixel masks for each class,

Kaehler, 2000; Meyer & Beucher, 1990). The watershed algorithm

using object recognition or instance segmentation, in addition to the

operates by providing the location of contours of pixel colour sim-

class label itself. These tasks add complexity to a model and require

ilarity. Arthropods are not uniform in colour as phenotypic colour

additional labelled data of point, bounding box or mask annotations

variation exists across the body and wings of individuals. To over-

for each class for each image which is expensive and laborious to

come phenotypic variation, our approach converts images to grey-

obtain (He et al., 2017; Laradji et al., 2018; Ren et al., 2017). For

scale values between 0 and 255, then to black and white considering

the case of arthropod functional groups, individuals across all orders

pixels <200 as black (determined from trial and error), resulting in

are extremely variable in shape and size, ranging from thin, ‘spindly’

contour coordinates from the watershed algorithm that are used to

spiders, large beetles, to near-microscopic mites. Our early experi-

crop individuals from the original colour image. Individuals must be

mentation found direct application of such end-to-end techniques

separated otherwise those touching will be cropped together. The
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F I G U R E 1 Example plates samples.
(a) Araneidae. Example of image used for
training. (b) Mixed plate. Example of image
used for testing a real-world scenario.
These images are used in combination
with the watershed algorithm to find
precise croppings of the individuals

F I G U R E 2 Image per pixel entropy comparing three lighting conditions: (a) flash, (b) backlight and (c) backlight and flash. This step is
performed during the experiment initialization to standardize lighting before capturing training images for the model. From the perspective
of image classification, one can interpret per pixel entropy as the amount of noise the deep learning model must account for when classifying
arthropods

output of the watershed algorithm provides a precise pixel mask of

naming/labelling the petri dish image after the class name, we assign

each arthropod individual along with dislodged insect parts/limbs

this named label to each of the extracted individual from the image, au-

(‘debris’) and occasional edges of the petri dish.

tonomously collecting a labelled dataset of cropped individuals with-

To create the training data, without the need for any computer

out any computer vision annotations. These cropped, labelled images

vision annotations, we capture petri dish images containing individu-

of individual arthropod individuals are then used to train, and use, a

als only from a pre-sorted class (e.g. Araneidae; Figure 1a). By simply

deep learning classifier without the need for any localized annotations.
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(±3) arthropod individuals from unsampled jars in the petri dish setting (Figure 1b) as well as an arthropod tray (Figure 3). The insect tray

Deep learning models map high-dimensional pixel data to predict

contained 1,050 individuals, on a standardized white background,

output labels. One objective to achieve reliable performance is

and imaged using the standardized camera layout described in this

to reduce the amount of noise caused when capturing an image.

section.

Scenarios with atypical pixel values (e.g. glare) can cause the model

Lastly, to estimate class-specific biomass, our objective is to cal-

to underperform. Before creating the image dataset, the lighting

culate the per pixel density of each arthropod functional group. To

condition should be standardized to remove glare and other lighting

do this, for each functional group, the cumulative biomass of approx-

inconsistencies within the image. We utilize two imaging environ-

imately 20 (±3) samples was recorded and then imaged in the tray

ments: petri dish (FisherBrand 100mm) and bulk tray (US Plastics

environment with: four calibration and one test image at a standard-

Tray 14232). We tested three lighting conditions: flash, backlight

ized height, zoom, and shot at a uniform resolution. Four calibration

without flash and backlight with flash. To determine which condition

images are used to allow the models to capture within-group varia-

provided the greatest uniformity, we compared noise from the dif-

tion. Our camera was mounted at 60.8 cm above the table, with no

ferent lighting conditions using the accumulative per pixel entropy of

zoom, and captured with a resolution of 8,192 × 5,464. By using the

a grey scaled image (Figure 2). This metric to quantify glare and light-

watershed algorithm to create precise pixel masks of the individuals,

ing inconsistencies is only available due to the standardized uniform

we calculate the per pixel density relative to the known cumulative

white background. When comparing the same image in three lighting

weight per image for each functional group. Each of the ALUS data-

conditions, low entropy is desirable. Low entropy indicates uniform-

sets, the described sub-dataset and our resulting trained models can

ity across the image, which dictates which imaging environment will

be found at: https://doi.org/10.5683/SP2/N8GKWT.

have the least noise/variation for extracted individuals when classified by the deep learning model. The calculation of image entropy
can be expressed as:

E=

n−1
∑

pi log2 pi ,

i=0

2.3 | Training
Using the sub-dataset consisting of cropped individuals, we trained
three deep learning models for the task of image classification:
DenseNet121, MobileNetv2 and ResNet101. These models were

where E is the entropy, n is the number of grey levels (256 for an 8-bit

selected to inform and test a range of computation scenarios as

image) and pi the probability of the given pixel having a grey level i.

each model has particular utility considering trade-offs related to

Images captured using backlight without flash had the least per pixel

efficiency and accuracy (He et al., 2016; Iandola et al., 2014; Sandler

entropy and we used this lighting condition in our experiments.

et al., 2018). MobileNetv2, a high efficiency, compact network with

After determining the lighting condition, bulk imaging was per-

utility on mobile devices and low-end computers, is small and can

formed to collect the training data for the model. From pre-sorted

operate on mobile devices (Sandler et al., 2018). ResNet101 offers a

jars, we created 517 images of approximately 20 (±3) individuals

middle ground, utilizing skip connections as a means of improving ef-

per image of a single classification in a backlit background without

ficiency (He et al., 2016). DenseNet121 contains the largest number

flash. We captured 433 and 84 images from petri dish and bulk tray,

of parameters of the three models, and requires the highest over-

respectively. Individual arthropod separation was performed manu-

head in terms of computation related to training and daily opera-

ally using tweezers where laboratory technicians separated samples

tion (Iandola et al., 2014). While these models represent a range of

such that they were equidistant based on visual inspection. Using

architectures, they are not exclusive list. Many other deep learning

the watershed segmentation method to crop arthropods from the

architectures exist and new architectures regularly standardize as

captured images, we created a sub-dataset of 13,059 unique labelled

well performing as the machine leaning field continually develops

individuals: 11,387 individuals from petri dishes and 1,672 from tray.

(Bianco et al., 2018).

The 13,059 images consisted of the 18 functional groups, as well as 2

We trained 10 models for each architecture using a 10-fold cross

classes of debris and petri dish edge classified by a manual review of

validation. To improve generalization to unseen examples, our tool

the data, resulting in 20 total classes for our model output (Table 1).

uses the image augmentation library ImgAug to randomly apply pixel

The images were resized to a height and width of 224 pixels while

colour changes, pixel dropout, size variants, rotation and blurring of

maintaining its original aspect ratio and centred. This sub-dataset

the images during training (imgaug). Training was performed for 500

of 13,059 images was used for training, validation and testing of the

epochs using the Adam optimizer with a learning rate of 0.001 using

deep learning models.

the PyTorch library (Kingma & Ba, 2014; Paszke et al., 2019). Training

When measuring the performance of our arthropod classification

occurred over the course of 24 hr on a single P100 GPU. Post-

system, in practice, bulk images will be unsorted containing multiple

training image analyses of each isolated sample require less than

individuals from multiple classes. To demonstrate model perfor-

one second when using an NVidea 1080Ti GPU, with MobileNetv2

mance in a realistic mixed classification environment, we created a

being fastest. To assess the performance, we consider the Top-1 ac-

supplementary test set of 68 additional images of approximately 20

curacy. When processing input data, deep learning models provide
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F I G U R E 3 Bounding boxes imposed
over segmented arthropod individuals
from tray of 1,050 arthropods using
the watershed algorithm. Individuals
captured in bounding box regions are then
extracted and classified using the trained
deep learning models

a confidence score for each class the model was trained on, summing to one. Top-1 accuracy describes the percentage of test images
predicted by the model where the class with the correct label was
assigned the highest confidence.

2.4 | Evaluation
The DenseNet121 models achieved the highest performance with
an average 86.14% top-1 accuracy across our withheld test sets of
1,387 images (Tables 2 and 3). MobileNetv2 performed comparably,

TA B L E 2

Performance metrics

Model

Accuracy

SD

ResNet101

85.10

0.77

MobileNetv2

84.94

0.74

DenseNet121

86.14

0.64

Notes: Accuracy of the three trained deep learning models: ResNet101,
MobileNetv2 and DenseNet121, reporting the mean accuracy across
a randomized 10-fold testing regimen considering the pre-sorted
samples. DenseNet121 achieved the highest mean accuracy yet all
models had comparable performance.
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considering it is designed for mobile devices, with 84.94% top-1 ac-

stability (Hallmann et al., 2017; Sánchez-Bayo & Wyckhuys, 2019;

curacy. Additionally, we assessed performance of the trained models

Seibold et al., 2019). Diversity is a measure representing the number

considering our mixed images from the petri and tray environments

of taxa present taking into account the relative abundance of each

using an ensemble of the 10-fold models to maximize performance.

taxon. The Simpson's Diversity Index is defined as:

In an ensemble, each model votes on a class and the class with the
most votes is considered the final prediction. We utilize a majority

D=1−

vote, rather than a weighted summation vote of model confidence,

∑

n(n − 1)

N(N − 1)

,

as weighted votes can be subject to overconfident predictions. When
testing on mixed samples, the number of individuals from a func-

where D is the diversity, n is the number of individuals detected per

tional group was known but location annotations per individual are

class and N is the total number of individuals detected. We compare

unknown. As a result, one cannot quantify individual predictions, but

the ground truth diversity to the model's predicted diversity. Our es-

only the final count of the image. To account for this, we report the

timated Simpson's Diversity Index of all mixed samples was 0.9404 in

mean absolute error considering the count of each classification per

comparison to the ground truth of 0.9408. This indicates that by using

image. Using an ensemble of 10 DenseNet121 models, the accuracy

our approach one can obtain accurate measures of diversity.

for the mixed testing images from petri dishes considering 1,359 indi-

Lastly, we estimated class-specific biomass estimates of arthro-

viduals was 83.00% with differences among class performance. The

pod individuals. By using the recorded weight of calibration sam-

accuracy of the tray testing image with 1,050 was 92.85% (Table 3).

ples and total pixel count from the four calibration images, a variety

We also calculate the Simpson's Diversity Index which is often

of models capable of mapping this relationship were assessed on

used as a key metric for conservation, indicative of greater ecological

the test image. Due to the uncertainty of what type of model may

Grouping

Images

Test acc.

Mixed
count

Mixed
pred.

Mixed
diff.

Acari

312

80.45 ± 4.12

81

40

−41

Araneae

795

75.47 ± 3.47

77

82

+5

Coleoptera

590

89.15 ± 3.85

70

82

+12

Collembola

418

79.67 ± 6.79

80

32

−48

Debris

2,415

92.84 ± 1.37

—

162

N/A

Dermaptera

432

96.53 ± 2.31

55

59

+4

Diptera

772

77.20 ± 3.62

58

76

+18

Edge

262

88.55 ± 7.63

—

8

N/A

EPTs

956

91.16 ± 3.82

70

75

+5

Hemiptera

590

86.61 ± 3.24

74

78

+4

Hymenoptera (ants)

536

89.18 ± 5.82

75

80

+5

Hymenoptera (bees)

517

88.78 ± 4.72

70

62

−8

Hymenoptera (wasps)

673

78.31 ± 6.07

64

77

+13

Larvae

462

89.18 ± 1.02

79

83

+4

Lepidoptera

613

84.99 ± 3.98

65

79

+14

Neuroptera

452

90.04 ± 3.34

80

42

−39

Non-mite Arachnids

888

77.82 ± 7.73

77

66

−9

Orthoptera

429

92.77 ± 2.32

77

73

−4

Psocodea

505

80.40 ± 4.80

67

79

12

49

−12

1,366

231

Thysanoptera
Summary/total

442

81.90 ± 7.54

63

13,059

86.14 ± 0.64

1,359

Notes: The images column reports the total number of training/testing images extracted using the
watershed algorithm from petri dish and tray images containing a single functional group. Test
accuracy reports mean accuracy standard deviation of the 10 DenseNet121 models. The number
of test images used to calculate test accuracy is the total number of images in that class divided
by 10. Mixed count are the ground truth counts of the 68 images of previously unseen mixed
arthropods. Mixed predictions report the ensemble predictions of the 10 trained DenseNet121
models considering the isolated samples from the 68 mixed images. Total mixed predictions
exclude Debris and Edge counts. Mixed difference compares the ground truth and prediction
counts. Total mixed difference reports the absolute difference.

TA B L E 3 Functional group test
accuracy and mixed plate count results
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provide the best predictive accuracy when estimating biomass from

minimal manual labour and can be scaled to expedite the bulk clas-

pixels, we consider a search space of seven models. We consider lin-

sification of arthropod by orders of magnitude in comparison to

ear models: total ratio (total weight/total pixels), and average ratio of

manual efforts anywhere in the world.

each training image, three linear mixed models: with no, log and Box–

When considering the performance of our models DenseNet121,

Cox transforms, respectively, and nonlinear models: k-nearest neigh-

on

average,

outperformed

ResNet101

and

MobileNetv2.

bour regression, and support vector machine regression (Hearst

DenseNet121's performance was within the standard deviation of

et al., 1998; Keller et al., 1985). Our results indicate that using the

ResNet101, highlighting that these models are relatively compara-

average ratio method provides the least total error of 0.43 g (0.86%

ble at the task of arthropod functional group classification. This is

error), and cumulative class-specific error, 1.62 g (40.67% average

particularly promising for MobileNetv2, which requires one-fifth the

error across all classes [Avg Err.]) in comparison to the total ground

compute in comparison to DenseNet121 (Bianco et al., 2018). Being

truth biomass of 5.10 g (Table 4). Code to reproduce our pipeline

able to process arthropod specimens using only a mobile phone

is available on Github at: https://github.com/Schnei1811/InsectClas

opens the possibilities to on-location species analysis in remote re-

sifier as well as Zenodo (Schneider, 2021).

gions across the world without the need of an expert.
The rapid and efficient quantification of ecological metrics in
biomes across the globe is imperative to understanding restoration

3 | D I S CU S S I O N

efforts and trends in trophic dynamics. While our model classifies
the 18 arthropod functional groups common to southern Ontario,

Our methodology advances the efficiency of quantifying abun-

Canada, our approach of processing bulk arthropod samples to the

dance, biomass and diversity as a means of ecological restoration

functional group level by training a deep learning model can be ap-

success. By utilizing the traditional watershed algorithm for individ-

plied arthropod functional groups found in any region of the world.

ual segmentation, followed by deep learning-based classification, we

In any case, one must consider the granularity with which to catego-

are able to segment and classify >1,000 arthropod individuals to the

rize functional groups. We recommend grouping taxa near the order

functional group level from a single photo (Figure 4). Beyond initial

and family level, where visual characteristics are distinct enough for

sorting and per image arthropod separation, our approach requires

a model based on discriminating pixels to find success. With regard

TA B L E 4

Functional group accuracy of 68 mixed sample images

Class

Truth

Rat

Avg Rat

Linear

Log

B.C.

KNN

SVM

Aran.

0.3535

0.144

0.219

0.188

0.183

0.181

0.476

0.231

Cole.

0.2709

0.226

0.222

0.216

0.221

0.243

0.321

0.234

Coll.

1.45e−04

1.48e−04

1.48e−04

3.76e−04

3.74e−05

7.51e−04

1.45e−04

9.82e−04

Derm.

0.7667

0.922

0.922

0.692

0.692

0.692

0.692

0.692

Dipt.

0.1203

0.127

0.122

0.096

0.128

0.229

0.086

0.279

EPTs

—

—

—

—

—

—

—

—

Hemi.

0.0118

0.02

0.018

−0.004

−0.028

0.069

0.03

0.077

Hy.A.

0.3124

0.524

0.52

0.179

0.146

0.676

0.688

0.705

Hy.F.

0.2229

0.078

0.169

0.097

0.081

0.09

0.046

0.087

Hy.U.

0.486

0.592

0.635

0.527

0.548

0.514

0.752

0.507

Larv.

0.0671

0.193

0.134

0.099

0.03

1.763

0.133

0.594

Lepi.

1.379

0.921

0.899

0.922

1.045

0.811

1.143

0.811

Acari

1.26e−04

1.64e−04

1.69e−04

1.67e−04

2.62e−04

1.98e−04

1.16e−04

2.78e−04

Neur.

0.0131

0.017

0.016

0.013

0.007

0.04

0.019

0.04

NMAr.

0.3836

0.538

0.503

0.533

0.65

0.586

0.516

0.603

Orth.

0.4973

0.598

0.424

0.446

0.813

1.18

0.232

0.797

Psoc.

0.027

0.059

0.058

0.062

0.047

0.025

0.026

0.029

Thys.

3.0e−04

6.27e−04

5.12e−04

5.24e−04

7.26e−04

7.82e−04

2.37e−04

1.23e−03

Total

5.1

5.303

5.143

4.372

5.105

7.747

5.246

6.337

Notes: Difference between estimated class-specific biomass and ground truth for various biomass estimators. All units in grams (g). Rat, ratio;
Avg Rat, average ratio; Linear, linear regression; Log, log transformed linear regression; B.C., Box–Cox transformed linear regression; KNN, k-
nearest neighbour regression; SVM, support vector machine. EPTs (Ephemeroptera, Plecoptera and Tricoptera) is empty due to having only enough
Ephemeroptera samples for a single image. Uncertainty was not provided as we used a single test image for this experiment. Average ratio had the
least cumulative total error.
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F I G U R E 4 Illustration of test-time pipeline. Petri dish image is captured, transformed to black and white, individuals are localized and
cropped, where the model then classifies individuals using a trained model

to the number of independent classes, deep learning models have

applicable are cases where one is unable to obtain sufficient samples

demonstrated successful classification with >10,000 unique catego-

for training, or one cannot standardize a process of capturing photos

ries (Krizhevsky et al., 2012). As a result, our approach is suitable

of separated insect individuals.

for tropic regions of higher diversity with larger numbers of func-

When experimenting with arthropod classifiers, quantifying

tional groups, so long as you can obtain approximately 500 pre-

which classes underperform help to identify classes that require ad-

sorted samples for training. Scenarios where our model may not be

ditional data. From our test set, Araneae and Non-mite Arachnids had

Methods in Ecology and Evolu on
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lower test accuracies in comparison to the other samples. The primary

individual samples remain separated, there is no restriction on the

reason for this is that these two classes were often confused for each

number of individuals analysed from an image. This deep learning

other due to their similar visual appearance. Diptera performance

approach to arthropod classification may help expedite bulk sample

was similarly lower than average, likely due to the large amount of

analysis of Malaise trap samples around the world.

phenotypic variation found within this functional group. Considering
our mixed predictions, the Collembola and Neuroptera classes un-
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during training. To improve the performance on these classes, one
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from the original training set. If novel arthropod classes outside
of original training data are encountered, the process must be re-
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Additionally, be aware of arthropods that are light in colour. Such
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organisms are unlikely to be converted successfully to the black

S.S. was primary motivator of this work, responsible for the writ-

and white masks. In this case, the white background may be modi-

ing, experimental design, training and implementation of the mod-

fied to a colour that better contrasts with the phenotypic variation

els, and networking between authors; G.W.T. and S.C.K. assisted

from the samples. One would then modify the watershed algorithm

in conceptualizing the deep learning components of the work; P.B.,

to extract individuals relative to this coloured background. Lastly,

J.M. and K.M. performed the taxonomic analysis required to create

while still much faster than analysing each individual using a micro-

the ALUS dataset; A.Z. contributed to the creation of the machine

scope, our methodology current requires samples be separated by

learning testing suite used to train the machine learning models for

a laboratory technician prior to capturing the image. This process

this experiment; J.R.d.W. and J.M.F. provided ecological insights and

takes ~1 min and ~1 hr for petri dishes of 20 individuals and trays

motivations for this work. All authors were responsible for revising

of >1,000 individuals, respectively. Further innovations to separate

the initial manuscript drafted by S.S.

individuals would expedite our methodology.
We recognize the difficulties of obtaining quality ecological data-
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