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Abstract

One of the most challenging aspects of bee ecology and conservation is species-level iden-

tification, which is costly, time consuming, and requires taxonomic expertise. Recent

advances in the application of deep learning and computer vision have shown promise for

identifying large bumble bee (Bombus) species. However, most bees, such as sweat bees

in the genus Lasioglossum, are much smaller and can be difficult, even for trained taxono-

mists, to identify. For this reason, the great majority of bees are poorly represented in the

crowdsourced image datasets often used to train computer vision models. But even larger

bees, such as bumble bees from the B. vagans complex, can be difficult to separate mor-

phologically. Using images of specimens from our research collections, we assessed how

deep learning classification models perform on these more challenging taxa, qualitatively

comparing models trained on images of whole pinned specimens or on images of bee fore-

wings. The pinned specimen and wing image datasets represent 20 and 18 species from 6

and 4 genera, respectively, and were used to train the EfficientNetV2L convolutional neural

network. Mean test precision was 94.9% and 98.1% for pinned and wing images respec-

tively. Results show that computer vision holds great promise for classifying smaller, more

difficult to identify bees that are poorly represented in crowdsourced datasets. Images from

research and museum collections will be valuable for expanding classification models to

include additional species, which will be essential for large scale conservation monitoring

efforts.

Introduction

One of the most challenging aspects of bee ecology and conservation is classifying or identify-

ing individuals by species. With more than 20,000 species globally, researchers may find tens

to several hundred bee species to identify in any given study [e.g., 1–3]. The identification pro-

cess requires a high level of taxonomic expertise because many species share similar and some-

times highly variable features. Such expert services are in decline [4] for both researchers and

for the general public, who are increasingly providing crowdsourced data used to assess large
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scale trends in biodiversity [e.g., 5,6]. Computer vision is a promising approach that will help

address the problem of bee species identification, especially for the larger taxa, such as Bombus,
for which sufficient and accurate crowdsourced training datasets exist [7–9]. However, the

effectiveness of computer vision for identifying smaller, more taxonomically challenging spe-

cies is not well tested.

Computer vision can be effective for species-level bee identification, but this requires large,

annotated image datasets for model training. Public occurrence and image repositories, such

as the Global Biodiversity Information Facility (GBIF; https://www.gbif.org), provide access to

images from citizen science programs and museums. For example, GBIF is an excellent

resource for many species in the genus Bombus and other species that can be readily identified

by experts from photos. However, most bee species are much smaller than Bombus with distin-

guishing features that are often obscured or not sufficiently resolved in photos for identifica-

tion, even by experts. One such group of bees belongs to the subgenus Lasioglossum
(Dialictus), which are particularly challenging to identify [10]. In North America, where they

comprise over 250 species, Dialictus species are frequently encountered in scientific studies,

yet they are often not identified to species because there are so few experts available [11]. Even

DNA barcoding often fails for this "nightmare taxon" [12].

But even larger bumble bees can be difficult to identify without close inspection. For exam-

ple, species in the Bombus vagans mimicry complex (B. vagans, B. sandersoni, and B. perplexus)
have similar patterns of hair color and are frequently confused. Although they can be separated

by using DNA barcodes or by comparing ratios of malar or flagella segment length [13], such

morphometric features can be difficult to see in photos. Species-level identification usually

requires careful examination under a microscope by experts. Consequently, reliably identified

images of most bee species are rare or absent in crowdsourced datasets and are not available in

sufficient numbers for training computer vision models. New sources of images for model

training are needed.

Acquiring new annotated training images from the field is challenging because photo-

graphed individuals must also be captured and identified. However, existing museum or

research collections, with pinned specimens that have been identified by experts are ideal for

acquiring new images for computer vision model training. Pinned specimens can be quickly

photographed under a microscope from standard angles under standard lighting conditions.

This reduces the contextual variation of images taken in the field, which can confuse vision

models and necessitate more images for effective model training [14].

In addition to images of whole specimens, images of bee wings alone may be effective for

identifying bees [15–18]. Many bee species have distinctive patterns of venation on their wings

that can be used in combination with other morphological features to help differentiate species

[19]. For example, Hall [16] and Kozmus et al. [17] each mapped important nodes and cell

centroids on bee forewings, and used k-nearest neighbor classification and discriminant analy-

sis to effectively separate species. More recent deep learning techniques using convolutional

neural networks (CNN) may be more flexible as they do not rely on predetermined feature

input [20], such as the location of specific nodes. Like whole specimens, bee wing images may

be acquired under standard conditions that minimize distracting background noise. Wing

images are further standardized because they do not capture uninformative variation in the

pose or condition of the rest of the body. With whole specimens, for example, bee hair can be

variously matted, wings folded, and appendages positioned differently for each specimen. Pho-

tographing only wings in a flat plane reduces this type of variation, which could help improve

the accuracy of identifications over images of whole bees. On the other hand, focusing on only

a single part of the bee may provide fewer features for the model to differentiate among

species.
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We gathered new images of whole-bee specimens and bee wings for classification model

training from our research collections. Our goals were to (1) assess the potential for species

level identification of small and other challenging species through computer vision, and (2) to

qualitatively compare the effectiveness of models trained on images of bee wings vs whole bee

specimens. This was a qualitative comparison because the two image datasets were comprised

largely of different species and sample sizes.

Materials and methods

We imaged whole pinned bee specimens and bee wings from our research collections for com-

puter vision model training.

Pinned bee imaging

Pinned specimens were from ecological studies in Kansas [21,22] and Wisconsin USA (2), and

were identified to species by taxonomic experts Michael Arduser and Jason Gibbs, respectively.

We used a Nikon SMZ800N dissecting microscope (Nikon Metrology Inc.) with a 5-megapixel

microscope camera (Swiftcam SC503, Swift Microscopes) mounted to a trinocular head. Speci-

mens were imaged in front of a white background and illuminated by a 144-LED ring light

(AmScope). We imaged females of 20 species from 6 genera from the families Halictidae and

Apidae (Table 1). This set included one carpenter bee species (Ceratina strenua) and 19 sweat

bee species commonly found in Midwestern grasslands, including 13 species of Lasioglossum
(Dialictus) as well as Lasioglossum (Hemihalictus) pectorale. Example images for select species

are shown in Fig 1 and examples for all species are shown S1 and S2 Figs in S1 File.

Table 1. Species list and mean species-level classification model performance for pinned bee images.

Species Mean Precision Mean Recall Mean F1-score Training images Validation images Test images Total images

Agapostemon virescens 1.000 1.000 1.000 372 96 12 480

Augochlorella aurata 0.947 1.000 0.973 372 96 12 480

Augochlorella persimilis 1.000 0.944 0.971 372 96 12 480

Augochloropsis metallica 1.000 1.000 1.000 228 60 12 300

Ceratina strenua 1.000 1.000 1.000 372 96 12 480

Halictus ligatus 1.000 1.000 1.000 372 96 12 480

Lasioglossum albipenne 0.935 0.806 0.865 372 96 12 480

Lasioglossum anomalum 0.947 1.000 0.973 372 96 12 480

Lasioglossum cressonii 0.973 1.000 0.986 216 60 12 288

Lasioglossum disparile 0.900 1.000 0.947 372 96 12 480

Lasioglossum hitchensi 0.667 0.833 0.741 360 96 12 468

Lasioglossum leucocomum 1.000 0.639 0.780 372 96 12 480

Lasioglossum oceanicum 0.971 0.944 0.958 312 72 12 396

Lasioglossum paradmirandum 0.771 0.750 0.760 96 36 12 144

Lasioglossum pectorale1 1.000 1.000 1.000 168 48 12 228

Lasioglossum pilosum 0.900 1.000 0.947 216 48 12 276

Lasioglossum pruinosum 0.972 0.861 0.913 372 96 12 480

Lasioglossum semicaeruleum 0.969 1.000 0.984 372 96 12 480

Lasioglossum trigeminum 0.973 1.000 0.986 372 96 12 480

Lasioglossum versatum 0.973 1.000 0.986 372 96 12 480

Precision, recall, and F1-scores are the mean of species-level scores averaged over the results from the three versions of the test dataset
1Subgenus Leuchalictus. All other Lasioglossum belong to the subgenus Dialictus.

https://doi.org/10.1371/journal.pone.0303383.t001
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We took 12 images per specimen: 6 images from the left and right-side parallel plane, left-

and right-side oblique dorsal, left- and right-side oblique ventral. We repeated the process to

obtain another 6 images from similar angles but looking down at ~20˚ angles. When available,

we photographed 40 specimens per species. However, 6 of 20 species were represented by 12–

33 specimens (Table 1). We limited images of pinned specimens to females as male specimens

were not available in sufficient numbers to be included. This process resulted in a total of

8,340 images, which were divided into training (80%) and validation sets (20%). For each spe-

cies, we randomly selected one individual from the training set and held out the 12 images

belonging to that individual to form the test set. The training set was used to train the classifi-

cation models, the validation set was used to evaluate the training process and adjust model

parameters, and the test set, comprised of unseen images, was used to independently evaluate

the final model. When dividing images, we ensured that no individuals shared images across

training, validation, and test sets. Because our image dataset is relatively small, we constructed

three versions for training and evaluation, each with different individuals making up the train-

ing, validation, and test sets. None of the test images were shared among the three versions.

Consistency across the three versions would indicate that results were not likely dependent on

the particular division of images in a set.

Bee wing imaging

Images of bee forewings were gathered from the research collections of Claudio Gratton, Elena

Gratton, and Heather Hines. Wings were from workers of 6 bumble bee species from the east-

ern United States that are part of the same broader mimicry complex (anterior half of the setae

on the body yellow, posterior half black) and thus can be difficult to tell apart by color features.

Bombus bimaculatus, B. griseocollis, and B. impatiens were from southern Wisconsin and were

identified by Michael Arduser, Olivia Bernauer, and Jeremy Hemberger. Two B. bimaculatus
wing images were from central Pennsylvania and were identified by Heather Hines. Bombus
vagans, B. sandersoni, and B. perplexus (the B. vagans mimicry complex) workers were col-

lected from central Pennsylvania. Most were identified using DNA barcodes, which are fully

Fig 1. Example images of (A) Agapostemon virescens, (B) Halictus ligatus, (C) Lasioglossum oceanicum, (D) Bombus griseocollis, (E) Lasioglossum
leucozonium, and (F) Agapostemon texanus. Images are not to relative scale and, except for cropping, are left unprocessed.

https://doi.org/10.1371/journal.pone.0303383.g001
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diagnostic, but identifications were further cross validated against malar space (aids distinction

of B. sandersoni and B. vagans) and color traits (more distinctive in B. perplexus). Three B. per-
plexus, and four B. sandersoni individuals were identified based on morphology by Heather

Hines. This is a submimicry group within the eastern U.S. that all have yellow setae across the

thorax and the first two metasomal tergites with yellow setae, thus are unreliably diagnosed

with color. DNA barcoding was performed using cytochrome oxidase I and identifications

were confirmed against multiple reference sequences in GenBank, with procedural details and

barcode data outlined in Gratton et al. [23]. Some of the wing images from B. perplexus, B. san-
dersoni and B. vagans were from male specimens (5 of 29, 19 of 92, and 1 of 38 images, respec-

tively) and were distributed randomly among train, validation, and test sets. We also included

female bees from the species Agapostemon sericeus, A. texanus, Ceratina calcarata, and 9 spe-

cies in the genus Lasioglossum, all of which were identified by Michael Arduser. Images of

most bee wings were acquired by placing whole bee specimens under a Leica stereo micro-

scope fitted with a digital camera (www.jenoptik.us, Jenoptik ProgRes camera) and positioning

wings between glass slides or over a sheet of white paper. For the B. vagans mimicry complex,

a forewing was removed from each specimen and placed on an Epson Perfection v6000 photo

scanner with an identifying label associated with the corresponding DNA barcoded bee.

In all, we imaged 18 species from 4 genera from the families Apidae and Halictidae. Nine

Lasioglossum species were imaged, including 5 from the subgenus Dialictus, 2 from the subge-

nus Lasioglossum, and 2 from the subgenus Leuchalictus. Depending on specimen availability,

we acquired 29–107 images per species (Table 2). We took a single image of both forewings

from individuals except for those with highly damaged wings, but only took a single image

from one wing for the B. vagans mimicry group. Our wing dataset included 1,069 total images,

Table 2. Species list and mean species-level classification model performance for bee wing images.

Species Mean Precision Mean Recall Mean F1-score Training images Validation images Test images Total images

Agapostemon sericeus 1.000 1.000 1.000 23 6 3 32

Agapostemon texanus 1.000 1.000 1.000 83 21 3 107

Bombus bimaculatus 0.917 1.000 0.952 37 10 3 50

Bombus griseocollis 1.000 0.889 0.933 31 9 3 43

Bombus impatiens 1.000 1.000 1.000 49 13 3 65

Bombus perplexus 1.000 1.000 1.000 20 6 3 29

Bombus sandersoni 1.000 1.000 1.000 70 19 3 92

Bombus vagans 1.000 1.000 1.000 28 7 3 38

Ceratina calcarata 1.000 1.000 1.000 60 16 3 79

Lasioglossum acuminatum2 0.833 0.889 0.838 76 20 3 99

Lasioglossum admirandum1 1.000 1.000 1.000 34 9 3 46

Lasioglossum coriaceum2 0.917 0.889 0.886 35 9 3 47

Lasioglossum leucozonium3 1.000 1.000 1.000 26 7 3 36

Lasioglossum oceanicum1 1.000 1.000 1.000 31 8 3 42

Lasioglossum pilosum1 1.000 1.000 1.000 64 17 3 84

Lasioglossum versatum1 1.000 1.000 1.000 64 17 3 84

Lasioglossum zephyrus1 1.000 1.000 1.000 45 12 3 60

Lasioglossum zonulus3 1.000 0.889 0.933 26 7 3 36

Precision, recall, and F1-scores are the mean of species-level scores averaged over the results from the three versions of the test dataset
1Subgenus Dialictus
2Subgenus Lasioglossum
3Subgenus Leuchalictus.

https://doi.org/10.1371/journal.pone.0303383.t002
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which were divided into training (80%) and validation (20%) sets, ensuring that wings from

the same individual were not included in both sets. We then randomly selected 3 images from

the training set to form the test set. As described for the pinned images, we constructed three

separate versions of the dataset for training, validating, and testing. evaluation.

Image cropping

Bee wing images were manually cropped to the edge of the wing to reduce the number of unin-

formative background pixels. To speed up the cropping process for whole pinned specimens,

we developed an object detection algorithm to locate the bee within the image and perform

crops automatically. We used the YOLOv8l algorithm [24], trained on over 32,000 box-anno-

tated images of pinned bee specimens, and achieved a mean average precision (mAP) score of

99.5%. Automatically cropped images were manually checked for quality before using as input

for species classification model training.

Classification model training

We trained convolutional neural networks (CNN), a class of artificial neural network, for spe-

cies classification (reviewed by 20). A CNN is ideal for image classification because it does not

rely on predefined features for making predictions, such as the morphological features used in

a dichotomous key. Instead, a CNN "learns" its own feature set based only on a set of prela-

beled images. Briefly, a CNN works by first passing an input image tensor through a series of

filters to quantify feature maps at different pixel resolutions, i.e., the feature extraction or con-

volutional process. The feature information is then passed through a fully connected network,

comprised of multiple layers of interconnected nodes (neurons) to arrive at a prediction.

Equations, or activation functions based on connection weights and the ease of neuron firing,

are used to determine the activation of network connections between nodes and thus how sig-

nals pass through the network. Prediction probabilities are determined by summing the

strengths of connections to each class in the final layer of the network. In the training process,

class predictions are compared to true class labels and a loss value, or error, is measured. Net-

work parameters that contributed most to the loss value are then adjusted in a process called

backpropagation, which is analogous to "learning". This proceeds iteratively each time a batch

of data passes through the network and over a series of epochs (complete runs of the training

dataset) with the goal of minimizing loss. For a general CNN overview, see Rawat and Wang

[20] or Boroweic et al. [25] as it relates to ecology and evolution.

The classification models for both bee wing and whole specimen image sets were trained

using the EfficientNetV2L [26] CNN architecture in a TensorFlow environment. Efficient-

NetV2 is a family of CNN that achieves state-of-the-art Top-1 accuracy on the ImageNet [27]

dataset while maintaining a relatively small number of parameters and quick training time. As

expected for EfficientNetV2L, we resized all our images to 480×480 pixels. Images were pre-

processed by standardizing pixel values for each RGB band between 0 and 255. We used image

augmentation to help reduce overfitting and increase the generality of the classification mod-

els: rotation�100˚, height and width shift� 0.2, shear range� 0.2, zoom range� 0.2, random

horizontal flip, using nearest neighbors to backfill. Dropout, at a factor of 0.95, was used on

the final dense layer to reduce overfitting. Classification probabilities were calculated using the

softmax activation function. To help account for class imbalance, we weighted class predic-

tions based on the number of training images per species. The model was compiled and opti-

mized with stochastic gradient descent (SGD). Models were trained for 100 epochs with an

initial learning rate of 0.01, which was reduced by a factor of 0.5 as the validation loss reached
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a plateau. We monitored validation loss after each epoch and, for each of the bee wing and

pinned specimen training runs, selected the model with the lowest validation loss.

Using the test sets, we evaluated model performance based on overall accuracy, mean preci-

sion, recall, and F1 score. Overall accuracy of the test set is defined as the number of correct

predictions divided by the total number of predictions. Precision indicates the likelihood that

an unknown species is correctly predicted, and is calculated for each species as the number of

true positives divided by the total number of positive predictions or True Positives/(True Posi-

tives + False Positives). We emphasize this metric because it is important from the perspective

of someone trying to identify an unknown specimen. Recall (or sensitivity), on the other hand,

indicates the likelihood that a known species will be correctly predicted, and is calculated for

each species as True Positives/(True Positives + False Negatives). The F1-score blends preci-

sion and recall metrics and is calculated as (2 × precision × recall) / (precision + recall). We

took the average of species-level scores to calculate mean precision, recall, and F1-score.

Results

Accuracy and model loss values for the training and validation sets for both pinned specimens

and bee wings saturated, at high and low points, respectively, near epoch 40 out of 100 across

all training runs. There was no indication of overfitting. Because we trained the classification

model on three different subsets of the pinned and wing datasets, we report mean performance

scores. Performance scores for each subset are individually reported S1-S6 Tables in S1 File).

Mean overall model accuracy of the test sets was 0.939 and 0.975 for pinned specimen and

wing classifiers, respectively. The bee wing model performed somewhat better than the whole-

bee model, even though its image dataset was only ~1/8 the size of the pinned bee dataset

(Table 3).

Mean species-level precision was 0.949 and 0.981 for pinned and wing classifiers, respec-

tively (Table 3). That is, given an unknown specimen, the correct species was predicted 94.9%

and 98.1% of the time. Confusion matrices indicated that, for both datasets, prediction errors

were limited to species within genera and that there were no prediction errors between genera

(Figs 2 and 3; confusion matrices for each image subset are shown S3-S8 Figs in S1 File). Thus,

the models were exceptional at separating genera in the test datasets.

The pinned bee classification model had outstanding performance for the 6 non-Lasioglos-
sum species, with only two prediction errors across 216 test images (Table 1). Here, two images

were predicted to be Augochlorella aurata that were actually A. persimilis (Fig 2). The model

performed well on the 14 Lasioglossum species, with a mean precision of 0.925 on the test sets.

Table 3. Classification model performance scores for each of the three test set versions of the pinned and wing datasets.

Dataset

version

Overall model

training

accuracy

Overall model

validation

accuracy

Overall model

test accuracy

Mean species-

level test

precision

Mean species-

level test

recall

Mean species-

level test

F1-score

Number

training

images

Number

validation

images

Number test

images

Pinned 1 0.994 0.953 0.933 0.937 0.933 0.931 6432 1668 240

Pinned 2 0.996 0.953 0.946 0.953 0.946 0.943 6432 1668 240

Pinned 3 0.992 0.935 0.938 0.957 0.938 0.924 6432 1668 240

Mean 0.994 0.947 0.939 0.949 0.939 0.933 6432 1668 240

Wing 1 0.993 0.981 0.982 0.986 0.982 0.981 802 213 54

Wing 2 0.999 0.944 0.963 0.972 0.963 0.962 802 213 54

Wing 3 0.980 0.986 0.982 0.986 0.982 0.981 802 213 54

Mean 0.991 0.970 0.975 0.981 0.976 0.975 802 213 54

https://doi.org/10.1371/journal.pone.0303383.t003
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Mean precision scores were relatively low for L. hitchensi (0.667) and L. paradmirandum
(0.771). The remaining 12 Lasioglossum species had precision scores of 0.935 or greater.

On the other hand, L. leucocomum had high mean precision (1.000) but low mean recall

(0.639). In other words, predictions of L. leucocomum were always correct, but predictions of

L. hitchensi or L. paradmirandum, for example, were sometimes given as L. leucocomum.

These three species accounted for much of the confusion between images of pinned specimens.

Fig 2. Pinned bee confusion matrix with results combined over the three test sets. Values represent the number of images for predicted and true (actual)

species. Colored boxes outline the predictions within genera.

https://doi.org/10.1371/journal.pone.0303383.g002
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L. hitchensi and L. paradmirandum may be more likely to be confused by humans than L. leu-
cocomum as they belong to the same species group. Similarly, predictions of L. disparile were

sometimes actually L. albipenne, and predictions of L. albipenne were sometimes actually L.

pruinosum; three species that share a similar appearance [10].

The bee wing classification model performed well for Lasioglossum with a mean precision

of 0.972 for this group (Table 2). One image that was predicted to be L. acuminatum was

Fig 3. Bee wing confusion matrix with results combined over the three test sets. Values represent the number of images for predicted and true (actual)

species. Colored boxes outline the predictions within genera.

https://doi.org/10.1371/journal.pone.0303383.g003
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actually L. coriaceum and one image predicted to be L. coriaceum was actually L. acuminatum;

two species that are from the same subgenus (Lasioglossum) and thus potentially more likely to

be confused by an expert. On the other hand, one prediction of an L. acuminatum wing was

actually L. zonulus, a member of a different subgenus (Dialictus), and therefore less likely to be

confused by an expert looking at whole specimens. The remaining 6 Lasioglossum species, with

a total of 54 test images, had no prediction errors.

Bombus species had a mean precision of 0.986 (Table 2). The one misclassified Bombus test

image occurred between B. bimaculatus and B. griseocollis. There were no prediction errors

among the 18 Agapostemon test images (Fig 3).

Discussion

Recent studies have demonstrated the effectiveness of computer vision for studying pollinating

insects [9,28], including identifying bee species in images [7,8]. This is especially true for large

Bombus species for which there are sufficient training data available from community science

programs like iNaturalist (https://www.inaturalist.org) and public repositories for such pro-

grams, like GBIF (https://www.gbif.org). With this study, we have shown that a deep learning

approach is transferable to other taxa and can be applied to smaller bee species that are often

more difficult to identify. Although we used two relatively small image datasets, we achieved

high levels of mean precision for both pinned bee specimens (0.949) and bee wings (0.981).

This is likely because images were relatively standardized in terms of lighting, background

context, and pose, compared to the field-captured images that comprise most crowdsourced

images used in CNN classification models. Our results suggest that image datasets could be

quickly generated from museum and research collections for many of the thousands of species

that are not well represented in public image repositories. Such training datasets would allow

us to develop classification models for the rapid identification of curated bee specimens. How-

ever, future imaging efforts should include some of this type of variation in e.g., lighting and

background so that end users of computer vision algorithms can use their own imaging equip-

ment and not need to strictly conform to the imaging setup we employ here.

Qualitatively, pinned and wing classification models had similar performance. However,

classification based on bee wings needed only one eighth the number of images to train an

effective classifier. Focusing effort on imaging bee wings may allow training datasets to be gen-

erated more quickly. However, it can be challenging to efficiently photograph delicate wings

from small bees without damaging them, and manipulation of such wings increases processing

time. The wings of small specimens are also often damaged, crumpled, or folded over, reduc-

ing their utility as training images. Although, this may be less concerning for larger species

with more robust wings, like Bombus. Images of whole specimens, on the other hand, are eas-

ier to acquire in the lab and, importantly, could be combined with field-based images for clas-

sification under different environmental contexts. Because bee wings in images from the field

are often seen with motion blur or with venation obscured, combining lab-based bee wing

images with field-based images of whole bees may not provide the same added benefit. That

said, wing and whole-specimen image collection methods could each be effectively used for

different research projects.

During the initial model evaluation process, one of our images labeled B. perplexus images

was consistently classified as B. sandersoni. After examining the source data, we discovered

that the image was mislabeled. Correcting the error and retraining the classification model

slightly improved model performance. Spiesman et al. [7] discovered a similar error during

the evaluation of a Bombus image classifier. This highlights potential alternative uses for our

algorithms: independent error flagging and/or confirmation of human-made identifications.
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CNN classification models learn diagnostic features that are independent of taxonomic

knowledge. For example, wing venation patterns, such as the number of submarginal cells or

the degree of curvature of the basal vein, are used in taxonomic keys to help separate individu-

als among families and genera [19,29]. However, to make a species-level determinations, taxo-

nomic keys often rely on multiple features from different parts of the specimen. Similarly, for

whole specimens, taxonomists may rely on multiple images of multiple features that are not

simultaneously captured in a single image. Yet our classifiers are generally able to make accu-

rate predictions based on only a single image. Thus, it appears that CNN algorithm can learn

important wing and body features for differentiating species that taxonomists do not utilize.

Examining how vision algorithms focus their attention to make predictions may help us

understand how these predictions are made and possibly help inform more effective ways to

separate species. Attribution mapping, for example using Guided Backprop or SmoothGrad,

can be used to highlight and analyze the fine-grained details in an image (i.e., which pixels)

that are important for making a classification (Fig 4) [30,31].

Developing effective computer vision tools to identify difficult bee taxa, such as Dialictus
and the B. vagans complex, will be important for generating better assessments of the abun-

dance and distribution of species, recognizing which species are at risk, and understanding

their diverse behaviors [10]. Barcode data from Pennsylvania bumble bees in the B. vagans
mimicry group revealed these species to be historically frequently misidentified, as B. sander-
soni, previously presumed to be rare, is actually the most abundant species [23]. This may have

been amplified by misconceptions regarding the reliability of diagnostic color traits and

assigning identity to the assumed more abundant taxon. In this case, wing scanning may be

faster than morphometrics and cheaper than DNA barcoding for attaining bee identifications,

especially for ecologists with less experience in subtle morphometric differences. Essentially,

such scans may serve as time efficient and reliable morphological barcode (sensu 32).

Deep learning models have proven to be effective for many kinds of classification tasks

[20,33–35], including bees and other insects [7,9,28,36]. The main factor limiting wider devel-

opment and application of this technology appears to be the availability of labeled images for

model training. Some of these images will come with expanded imaging efforts. However, the

taxonomy of some bee taxa is not well understood. For example, we cannot develop reliable

image datasets for genera such as Nomada, Sphecodes, and Lasioglossum of the western US,

without first improving our species-level taxonomic knowledge of these groups [11,37].

Fig 4. Example SmoothGrad images of wings from three different Bombus sandersoni specimens. Warmer colors indicate pixels that contributed more to

the prediction. Red highlights around the second cubital cell suggest that this region is important for classifying these three images as B. sandersoni.

https://doi.org/10.1371/journal.pone.0303383.g004
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Reliable diagnosis is necessary for effective training sets. The fundamental science of taxonomy

is therefore essential to realizing the potential of computer vision for bee identification.

Conclusions

This study is a promising step in advancing computer vision to help ease the challenge of bee

species identification. Future work should expand the number of specimens and images per

class for greater accuracy and generalizability, as well as the number of species represented,

especially those that are difficult to discern, so that classification models can be used in basic

and applied research. Future work should also explore whether some imaging angles provide

more reliable predictions than others. Focusing on gathering the most informative images may

increase the efficiency of generating image datasets and effectiveness of new classification

models. For example, we did not include direct views of the face, which can be informative for

bee species identification [e.g., 10,38]. Computer vision technology for taxonomic identifica-

tion will continue to improve and become more reliable as new training data become available.

However, our results suggest that the technology can already be used to enhance existing

approaches for bee species identification.
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