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Abstract

Morphometric analysis of wings has been suggested for identifying and controlling isolated
populations of tsetse (Glossina spp), vectors of human and animal trypanosomiasis in
Africa. Single-wing images were captured from an extensive data set of field-collected
tsetse wings of species Glossina pallidipes and G. m. morsitans. Morphometric analysis
required locating 11 anatomical landmarks on each wing. The manual location of landmarks
is time-consuming, prone to error, and infeasible for large data sets. We developed a two-
tier method using deep learning architectures to classify images and make accurate land-
mark predictions. The first tier used a classification convolutional neural network to remove
most wings that were missing landmarks. The second tier provided landmark coordinates
for the remaining wings. We compared direct coordinate regression using a convolutional
neural network and segmentation using a fully convolutional network for the second tier. For
the resulting landmark predictions, we evaluate shape bias using Procrustes analysis. We
pay particular attention to consistent labelling to improve model performance. For an image
size of 1024 x 1280, data augmentation reduced the mean pixel distance error from 8.3
(95% confidence interval [4.4,10.3]) to 5.34 (95% confidence interval [3.0,7.0]) for the
regression model. For the segmentation model, data augmentation did not alter the mean
pixel distance error of 3.43 (95% confidence interval [1.9,4.4]). Segmentation had a higher
computational complexity and some large outliers. Both models showed minimal shape
bias. We deployed the regression model on the complete unannotated data consisting of
14,354 pairs of wing images since this model had a lower computational cost and more sta-
ble predictions than the segmentation model. The resulting landmark data set was provided
for future morphometric analysis. The methods we have developed could provide a starting
point to studying the wings of other insect species. All the code used in this study has been
written in Python and open sourced.
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Author summary

Tsetse flies, vectors of human and livestock disease, cost African countries billions of dol-
lars annually. Wing shape can be used to identify isolated tsetse populations for suppres-
sion. The shape can be captured from digital images by locating anatomical points termed
landmarks on the wings. Manual positioning of landmarks is prone to error and only fea-
sible for small data sets. We analyse 14,354 wings and have developed a novel method for
automatically positioning landmarks on insect wings. We use a two-step approach, first
removing wings that are missing landmarks due to damage. We thereby provide accurate
landmarks, unbiased for wing shape. We compared two modern deep-learning models to
locate landmarks and showed how data manipulation techniques improve performance.
We deployed the final system to generate the landmark data for the tsetse wing images
and provide the trained models for transfer learning on similar tasks with smaller data
sets. Our methods will allow researchers to study tsetse wing shape in relation to other
biological data and to gauge how wing shape characterises tsetse populations. Our method
could provide a starting point to the study of the wings of other insect species.

Introduction

There has been a growing interest, for more than two decades, in the use of morphometric
analysis in medical entomology [1] including the study of tsetse flies (Glossina spp) and their
control. Tsetse are the vectors of human and animal trypanosomiasis in Africa, the latter dis-
ease costing 37 African countries USD 4.5 billion annually [2]. There has been particular inter-
est in the morphometry of tsetse wings, on which the relative positions of 11 landmarks Fig 1
are used to assess the wing size and shape. Morphometry provides a useful taxonomic tool [3]
and, of practical significance in terms of disease control, a simple inexpensive method for iden-
tifying isolated populations of tsetse. In the latter role, wing shape is used as a phenotypic
expression of the underlying genetic signature of the population [4-11]. It is argued that,
where wing shapes differ significantly between populations, this may be useful in identifying
sufficiently isolated populations that can be targeted for local eradication without risk of rein-
vasion from neighbouring populations.

The utility of morphometric analysis in identifying isolated populations depends on the
extent to which the wing shape and size variation depends on environmental factors. For
example, suppose wing morphometry changes substantially with climate and season within a
single isolated population. One would then need to decide whether observed differences
between the wing morphometry of flies sampled from two populations reflect differences
between the populations—or temporal, environmentally induced, changes in either or both
populations. To date, morphometric studies of tsetse have not looked for temporal or seasonal
variation because sample sizes have been too small. Almost all studies have fewer than 200
individual flies of any given sex and species, sampled from a given locality and generally at a
given time. As such, they would be of limited use in assessing the importance of temporal
changes. The study of Mbewe et al [11] is an exception, having sample sizes of about 1000
wings from each sex of G. f. fuscipes sampled from four islands in Lake Victoria, western
Kenya, before and after a trapping-out exercise. However, this study was more concerned with
the effects of the trapping on wing size and shape rather than any potential temporal or sea-
sonal effect.

All of the studies quoted above were based on sufficiently small numbers of wings that it
was feasible to locate the wing landmarks manually. In the present study, we use wings from a
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Fig 1. Image of a tsetse wing containing 11 landmarks indicated by white numbered points. The image also
contains a scale that can be useful for placing later errors into context. Each pixel equates to approximately 0.007mm
based on images taken of a physical measure.

https://doi.org/10.1371/journal.pcbi.1011194.9001

study where the sample size is orders of magnitude greater—and, therefore, it was essential to
develop an automated method for assigning landmarks. Between September 1988 and Decem-
ber 1999, more than 200,000 tsetse (G. pallidipes and G. m. morsitans) were sampled within 2
km of a single site, Rekomitjie Research Station, in the Zambezi Valley of Zimbabwe. Females
were subjected to ovarian dissection to determine their age [12], and subsets were analysed for
nutritional status and infection with Trypanosoma vivax and T. congolense. During the study,
the wings of each fly processed were fixed with transparent adhesive tape to the results forms,
which were later laminated between transparent plastic sheets to protect the wings.

Over the past 30 years, subsets of the data have been used in numerous publications [13-
34]; these provide, among other things, full details of dissection and analytic procedures. As
part of the original study, the length of each wing was measured using a binocular microscope.
These lengths have been used in several of the publications listed above—most pertinently in
an analysis of the association between wing length and sampling method [31]. In the current
work, we put the data to an entirely new purpose, making morphometric measurements on
the wings of a large subset of the flies processed.

We are primarily concerned with solving the technical problem of developing a semi-auto-
mated system that assigns Cartesian coordinates to the 11 landmarks for each tsetse wing.
Each of these is defined by points of wing vein intersection (Fig 1), which have been used in
previous morphometric studies on tsetse [3-11]. To limit the effort required for data cleaning,
we used a subset of all available data, consisting of 14,354 pairs of wings from tsetse captured
over nearly two years in every season and month of the year. The results should thus reflect
much of the seasonal variation found in the entire data set. The selection also provides a suffi-
ciently large sample to evaluate our attempts at developing an automatic landmark detection
system.

The image data set contains wings missing some landmarks due to damage occurring dur-
ing fly capturing and processing. We define wing images containing all landmarks as complete
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wing images and refer to those missing landmarks as incomplete. We developed methods for
detecting and removing incomplete wing images from the data before performing automatic
landmark detection for the remaining complete wings.

To our knowledge, there have been no published studies addressing the problem of identi-
fying damaged wings or the challenge of automatic landmark detection in tsetse wing images.
With similar wing images, deep learning models have been applied successfully in classifying
fruit fly species [35]. Although detecting incomplete wings was not of concern in this study,
their methods may be a good candidate for our task since it also aims at wing classification.

There have been numerous studies attempting landmark detection on other insect wings,
most notably on the wings of the fruit fly, genus Drosophila. Contrary to the data set in the cur-
rent study, the data sets in these studies are relatively small. Consequently, the authors used
manually chosen features and a machine learning approach to reduce the amount of data
needed for model training [36-38].

Convolutional neural networks (CNN) architectures are often used on large data sets to
automatically learn the best bottleneck features for both classification and regression tasks.
This is due to their ability, given sufficient data, to capture complex nonlinear relationships
between input images and the desired output. In facial landmark detection and biomedical
imaging, deep CNN architectures have been used to locate landmarks accurately. Current
state-of-the-art models in facial landmark detection are direct coordinate regression using
CNNss or heat-map regression using fully convolutional networs (FCN) [39]. Both of these
techniques are also currently used for landmark detection in biomedical image data [40-42].
FCNs are often used for segmentation tasks but are adapted for heat map regression when
used for landmark detection. Previous research has not studied segmentation for landmark
detection in images, perhaps due to disproportionately more background pixels than landmark
pixels. This class imbalance problem is well-known in segmentation tasks but has been over-
come in recent years following the development of new loss functions [43-45].

The models mentioned above use supervised training, which relies on labelled data. Recent
papers on data-centric approaches note that model performance can improve significantly by
focusing on consistent and accurate data labelling for training, as well as data augmentations
[46-48].

This paper uses a two-tier deep learning approach to classify tsetse wing images as complete
or incomplete, followed by landmark detection. We compare the generic state of the art com-
puter vision models for classification for the first tier. For the second tier, we compare direct
coordinate regression using a CNN and segmentation using a FCN called UNet++ using dice
loss [49-51] to combat the large class imbalance between background (non landmark) and
foreground (landmark) pixels. The segmentation task is defined similarly to that used by Van-
daele et al. [36] in that pixels in a given radius around a particular landmark are segmented
from the rest of the image, averaging their locations to determine the final landmark location.
These models are also compared with and without data augmentation. We employ a data-cen-
tric approach to develop these models, sampling training data from the data set of interest and
accurately annotating these data for classification and landmark detection. We evaluate the
effect of prediction errors on subsequent morphometric analysis and apply the models to the
full un-annotated data set. To validate the classifier’s performance on the un-annotated data
set, we compare the expected proportion of classifications inferred from sample statistics to
the predicted proportion. Finally, we perform analysis for checking data alignment between
the biological and image data set with predicted landmarks. We correct and remove identified
errors in the data set and provide the final landmark data set for subsequent morphometric
studies. The workflow described is illustrated in Fig 2.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011194  June 26, 2023 4/23


https://doi.org/10.1371/journal.pcbi.1011194

PLOS COMPUTATIONAL BIOLOGY Landmark detection in tsetse wing images

3dx | lab rocordings | seise fy wing
2
o W Vol20 Misalignmeat
Joopages |
& W Tmeges captured Vel 21 semple siatistics
performed for Vol 20 & 21
- Tncomplete wing
TORES 5 sample statistics
PN Vol 28 performed for Vol. 20 & 21
34
7 " 2420 wings

.

|Subset fromm vol
20a0d21

i Classification
lobels

Model iraining ’ ‘

l

Model iraining

Tier2
Misalignment Landmark detection
analysis algorithm

Fig 2. Flow chart of the entire procedure used in this study, including the tier 1 and 2 development and
deployment. The data were first recorded on paper and laminated with the physical tsetse wings, separated into
volumes consisting of pages illustrated on the top left of the diagram. Biological lab recordings and tsetse wings were
then digitally captured in a CSV file and nested folders (i.e. Vol/page) of images. This study used a subset of the full
data set (Vol. 20 and 21) to establish a method for recording landmarks automatically. Labeller refers to the manual
labelling stage to train machine learning models. Sample statistics were performed to understand the proportion of
different categories of incomplete wings, which was used to inform an appropriate classification model. In addition,
sample statistics were performed on misaligned pages to estimate the number of misalignment pages we expect to find.
The tier 1 and 2 processes at the bottom of the figure explain the deployment process. Tier 1 decides whether a wing is
complete and can be sent to tier 2, where landmarks are localised. The two-tier landmark detection system is deployed
on the unannotated data set of all images in Volumes 20 and 21. The final Misalignment analysis is fully described in
Fig A of S1 Fig.

https://doi.org/10.1371/journal.pcbi.1011194.9002

Materials and methods
Data description

More than 201,545 tsetses (Glossina pallidipes and G. m. morsitans) were collected in an
11-year study carried out at Rekomitjie Research Station in the Zambezi Valley of Zimbabwe.
Subsets of the flies were subjected to nutritional analysis and, for females, to ovarian dissection
to determine their age. All biological variables and descriptions can be found in Table A in S1
Text. The features used in this study for analytical purposes are given in Table 1.

All details relating to each collected fly were recorded on a single line of an A4 sheet of
paper, and the tsetse wings were fixed on this line with transparent adhesive tape. A standard
measure of wing length was determined for one wing of each pair, using a binocular micro-
scope fitted with a graduated reticle in one eyepiece. The distance between landmarks 1 and 6
(refer to Fig 1) was used as this standard measure, converted to a length (wlm) in millimetres
by allowing for magnification differences between microscopes. Each completed page was lam-
inated between transparent plastic sheets to protect the wings further. Each page contains a

Table 1. Biological data captured in lab dissection.

Variable name Description

vpn Volume, page and number

wim Wing length measured from landmark 1 to 6 (mm)
Imkl Number of missing landmarks for left wing

Imkr Number of missing landmarks for right wing

https://doi.org/10.1371/journal.pcbi.1011194.t001
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maximum of 20 wing pairs. The pages were collected in 28 volumes. The wings from volumes
13 to 25 have been digitized to 1024 x 1280 resolution images using a high-resolution micro-
scope camera. This study only considers volumes 20 and 21, which refer to flies collected in
1994 and 1995. The biological data from these volumes have been digitally recorded, and qual-
ity checked for morphometric studies. Volumes 20 and 21 comprise 14,931 pairs of wings,
which is only 7.4% of the 201,545 pairs collected between September 1988 and December
1999. Fig A of S2 Fig indicates, however, that the variation in wing length in volumes 20 and
21 covers a majority of the seasonal, and overall, variation observed in the parent set. As such
it seems reasonable to think that the subset is sufficiently representative of the whole to support
an initial attempt at developing an automatic landmark detection system.

The image data are kept in a folder structure matching the physical tsetse data set. Each
image is named according to the location of the physical fly wing; volume, page, line, and left-
or right-wing. For example, ‘V20P076L08R’ refers to volume 20, page 76, line 8, right-wing.
The name of each wing image links it to the biological recordings. It is important to note that
errors due to photographing the incorrect wing or incorrectly naming the page would result in
misalignment between the biological and image data. Misalignment may extend to multiple
wings on a page due to a single error; for example, were the photographer missed a particular
wing, the upcoming sequence of photographed wings on the same page would be misaligned.
Such misalignments have been noted and addressed in this study.

To create a suitable data set for geometric morphometric analyses, we require all landmarks
to be present consistently. We only considered making landmark predictions on complete
wings where all 11 landmarks are visible. The types of incomplete wings fall into various cate-
gories, including missing wings, tears, ink stains covering landmarks, and other missing pieces
of the wing. Examples of such incomplete wings can be found in Fig A of S3 Fig. Within the
class of complete wings, we also noticed a small proportion of wings with defects such as tears,
ink stains, and some deformation.

The complete wings primarily vary in size, rotation, and location. Images also differ in col-
our contrast and brightness. Prior sample statistics were performed from a single random sam-
ple of 200 wings to understand the proportion of incomplete wings in the data. The sample
statistics, reported in the results section, showed that the majority of incomplete wings are
missing landmarks 4 or 6.

In our initial efforts, we attempted to remove wings using the Imkr and Imkl attributes in
the biological data set, which indicate how many landmarks are missing in the right- and left-
wing. However, visual inspection of the images accompanying these attributes revealed that
the attributes were sometimes labelled incorrectly. Mislabelling was likely due to either mis-
alignment between images and biological data or incorrect recording of missing landmarks.
Therefore, we could not rely on these attributes to remove all incomplete wings.

Workflow for landmark detection

For simplicity, we flipped all right-wing images horizontally to obtain a data set of only left-
wing images. We then removed incomplete wings using a classification approach. Since most
incomplete wings are missing landmark 4 or 6, we trained a classifier to identify wings missing
these landmarks. We benchmarked multiple state-of-the-art deep learning models on our data
set to obtain a suitable classifier. We then trained deep neural networks to produce landmark
coordinates on complete wings. We performed image augmentations for the first tier training
and experimented with and without augmentations in the second tier. To evaluate the models,
we used a single independent train-validation-test split. To examine the potential adverse
effects of the landmark prediction errors on subsequent morphometric studies, we determined
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whether varying shapes correlated with prediction errors by analysing the impact of the geo-
metric shape disparity on the average pixel distance errors. The models were then applied to
all images from volumes 20 and 21. To ensure the landmark predictions and biological data
were aligned correctly, we calculated the correlation between measured wing length (wlm) and
the predicted wing length for each page. We expected a linear relationship with a high correla-
tion between the wing lengths for well-aligned pages. Hence we identified pages with low R*
values to be inspected for misalignments. The identified misalignments were corrected or
removed from the data set. Finally, the measured wing length (wlm) and predicted wing length
were plotted for all pages and examined. The standard error was used to measure the agree-
ment between the predicted and manually measured wing length. We visually examined the
inliers (within prediction error interval) to inspect the predictions. Outliers were also exam-
ined for mistakes such as remaining misalignments and incorrect incomplete wing classifica-
tions. These instances were removed from the final data set.

Incomplete wing classifier

Training data. We curated a data set consisting of a class of complete wing images con-
taining all landmarks and a second class consisting of incomplete wing images missing land-
marks 4 or 6. Since manually finding training samples is time consuming, we aided the process
by using the biological data set (variables Imkr and Imkl) and then used visual inspection to fil-
ter a set of training images. A data-centric approach was employed, focusing on consistency in
labelling, such that the types of wings we introduced into the training set were not ambiguous
and fell into well-defined groups. We removed examples that did not clearly fall into either
class. The resulting data set consists of an even class distribution of incomplete and complete
wing images. Images are labelled 1 for incomplete wings and 0 for complete wings. In total, we
labelled 1227 images.

Convolutional neural network classification models. We compared three modern com-
puter vision models with transfer learning that were used similarly for classifying insect wings
in a previous study [35]. These models are ResNet18 [52], Inception [53], and VGG16 [54]
with batch normalisation. We replaced the final fully connected layers, after the convolutional
layers, with a fully connected layer of size 1. We then applied a sigmoid activation function,
with an output in the range (0, 1).

A 3-channel input was used for all models. Input image size of 244 x 244 was used for both
VGG16 and ResNet18. For the Inception model, we used an input image size of 299 x 299
since the default kernel size of 3 x 3 and a stride of 2 with zero paddings require the image
dimensions to be odd numbers. We fine-tuned each classifier with unfrozen weights for 30
epochs with a batch size of 50. The model was saved at the lowest validation score in each
training session. A learning rate of 0.0001 was used with the Adam optimiser and a binary
cross-entropy loss function.

Evaluation: For each classifier, we obtained 95% confidence intervals for specificity, sensi-
tivity, precision, f1 score, and accuracy by bootstrapping the predictions on the test set, ran-
domly sampling 205 samples, 5000 times to create sample statistic distributions.

Landmark detection model

Landmark data. To train the landmark detection models, we used a data set of 2420
unique complete wing images (one wing per tsetse fly) sampled from volume 20 and 21, for
which landmarks were precisely annotated by a single person and subsequently reviewed by
others. A custom user interface was used to annotate the images digitally.
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Evaluation: All model outputs were scaled to match the original image size and were evalu-
ated in terms of pixel distances, using mean absolute error (MAE) and root mean squared
error (RMSE). Test set MAE is reported for baseline model obtained by calculating the mean
location for each landmark. In addition, we compared the performance of each model with
and without data augmentation.

Convolutional neural network regression model. We first frame landmark detection as
aregression problem, i.e. we directly predict the (x, y) coordinates for the landmarks. For this
task, we utilised a ResNet50 network with weights pre-trained on ImageNet [55]. ResNet tends
to favour a smooth loss landscape, allowing for a larger architecture while maintaining stable
optimisation [52]. We altered the architecture by adding a randomly initialised convolutional
layer, followed by a fully connected layer with 22 outputs corresponding to each x and y coor-
dinate for the 11 landmarks. Fig 3 provides a high-level illustration of the model.

We used mean square error (MSE) loss with the Adam optimisation function to train the
model. Two training sessions were conducted; each session ran for 100 epochs, initiated with a
learning rate of 0.001 and reduced to 0.0001 after the first session. The model was saved at the
lowest validation score in each training session.

Fully convolutional network segmentation model. As an alternative to the regression
problem framing, we considered landmark detection as a semantic segmentation problem.
Semantic segmentation is considered a dense prediction task, where the output is an activation
map with each pixel being assigned a label. For landmark detection in tsetse wing images, this
becomes a supervised learning problem where a label is a binary segmentation map for each
landmark, with a disk centred at the (x, ) position of the landmark, as shown in Fig 4. The
dimension of the segmentation map is the same as the input dimension.

For the segmentation model we chose the UNet++ [56] architecture, using the implementa-
tion as in [57]. UNet++ is based on the fully convolutional UNet [58] architecture that is
divided into two blocks. The first is a downsampling block, responsible for capturing global
context and low-frequency content of which objects of interest are usually comprised. The sec-
ond is an upsampling block, responsible for precise localisation of objects [58]. UNet++
extends UNet by including skip-pathways between layers in the downsampling block and the

Pretrained ResNet50 New layers

e K'_JR
' TN

z

Y1

Z11

Y11

Input Output

Fig 3. ResNet50 is modified by removing the final 2 layers and replacing them with a randomly initialised convolutional layer, followed by a fully
connected layer of size 22, representing the output. The output corresponds to an x and y coordinate for each of the 11 landmarks.

https://doi.org/10.1371/journal.pchi.1011194.g003
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Fig 4. The network is composed entirely of convolutional layers. It can be divided into downsampling and symmetric upsampling blocks. The output
is of dimension 11 x 224 x 224, where each output segmentation map is a binary image with a disk centred at a particular landmark.

https://doi.org/10.1371/journal.pcbi.1011194.9004

upsampling block so that the semantic gap between feature maps in those layers is reduced.
Zhou et al. [56] argue that reducing the semantic gap leads to an easier optimisation problem.
A high-level illustration of the architecture is shown in Fig 4.

We took the average between a binary cross-entropy loss and dice loss applied to the out-
puts to train the model. We trained the model from scratch over 50 epochs, using the Adam
optimisation function with a learning rate of 0.001. The model was saved at the lowest valida-
tion score in each training session.

To obtain landmarks from the segmentation maps, we determined the average location of
all pixels greater than or equal to the seventh-highest pixel value in the map. This inference
process produces a landmark, even if it is absent (as does the regression network).

Training implementation details

We employed transfer learning for the first tier and the regression model in the second tier
[59], using networks pre-trained on ImageNet [55]. In addition, we used image augmenta-
tions during all first-tier training and experimented with and without augmentations for the
second tier training to improve model robustness. The augmentations increased the noise
and size of the training data, preventing over-fitting and ensuring that the training data con-
tained images on the extreme of the spectrum for wings available in volumes 20 and 21, in
terms of wing location, rotation, and size which comprised most of the noisy characteristics
of the data. These data augmentations helped maintain a high signal-to-noise ratio in the
above mentioned noisy cases. We randomly sampled from a [-5%, 5%] interval for scaling
and shifting, and a [-22°, 22°] interval for rotation to transform each image. We chose these
intervals based on a visual inspection of what degree of augmentation seemed reasonable.
We use a single cross-fold validation strategy for all model training with a 60:20:20 train, val-
idate, and test split.

Hardware and software

The code was run on a GTX 1650 4GB GPU with a 4GHz i7 CPU and 8GB RAM. All of the
code was written in Python version 3.7. The pre-trained models were taken from the Pytorch
Computer Vision Library and altered for our purposes. The code can be found in a GitHub
repository [60]. The data can be found on Dryad [61].
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Effect of prediction errors on subsequent morphometric analysis

To assess the effect of prediction errors on subsequent geometric morphometrics, we evaluated
the effect of the Procrustes shape disparity on the average prediction error in a wing image. In
particular, we plotted the Procrustes disparity (Procrustes distance from the average shape) as
the independent variable and mean pixel distance error as the dependent variable. We then fit-
ted a regression line to determine the correlation and linear relationship.

It is necessary that the model only infers the landmark position and not the wing shape
since it is the landmarks that determine the wing shape, and it will be difficult to determine
whether the model is inferring the correct wing shape irrespective of the landmark error. If a
relationship exist between the error and shape of the wing, then there is evidence that the
model is performing better on some wing shapes than others making it impossible to compare
different wing shapes in later morphometric analysis.

Data alignment and correction

In this study, we faced the problem of having two data sets that were not perfectly aligned.
That is to say, some wings labelled with the same identifier in the two data sets did not refer to
the same wing.

The approach for finding misalignments is outlined as follows. We estimated the propor-
tion of pages containing misaligned data by generating a random sample of 100 pages and
manually checking these pages for misalignments. From this we calculate an error estimate
using a 95% confidence interval. We performed landmark predictions for each wing and calcu-
lated the R* value for each page of wings using measured wing length wilm vs wing length
between predicted landmarks 1 and 6. We expected pages with very low R* values to indicate
wings not aligning with the correct wim measurement. We chose a R” threshold of 0.1, which
made the percentage of pages indicated as misaligned slightly higher than the upper bound of
the confidence interval for the estimated percentage of pages misaligned. We then manually
checked these pages for misaligned data. Once the pages with misaligned data were found, we
considered whether we had successfully corrected or removed the misaligned data by compar-
ing the number of pages found with the proportion estimated in the random sample.

Dryad DOI
https://doi.org/10.5061/dryad.qz612jmh1.

Results
Incomplete wing classifier

The sample statistics showed that 13% + 4.63% of wings are incomplete. The majority of
incomplete wings were missing landmark 4 or 6, making up 10% * 4.13% of the data, compris-
ing on average 77% of all incomplete wings. We use an online sample size calculator [62] for
these sample statistic calculations.

After evaluating each trained model on the test set and generating a 95% confidence inter-
val for each model, we found VGG16 with batch normalisation to have the best performance,
achieving a perfect score for all metrics. ResNet18 and Inception had a trade-off between sensi-
tivity and specificity, with ResNet18 having a perfect specificity and Inception having a perfect
sensitivity. The training loss curves can be found in Fig A in S2 Text, and the scores for each
model can be found in Table A in 52 Text, Table B in S2 Text, and Table C in S2 Text.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011194  June 26, 2023 10/23


https://doi.org/10.5061/dryad.qz612jmh1
https://doi.org/10.1371/journal.pcbi.1011194

PLOS COMPUTATIONAL BIOLOGY Landmark detection in tsetse wing images

I °

o o

4L iif;é;@;ié%

§ 9 10 1 1 2 9 10 11

1 2 3 4 5 6 7 8 9 10 11

Fig 5. Box-and-whisker plots for the baseline model, regression and segmentation networks. The regression and
segmentation network show significant improvement over the baseline (5C). The regression network (5A), has a
slightly higher mean pixel distance error and higher maxima when compared to the segmentation network, but has
fewer egregious outliers. For the segmentation network (5B), four outliers ranging from 50 to 570 are not displayed for

clarity.
https://doi.org/10.1371/journal.pcbi.1011194.9005

Landmark detection model

The Euclidean pixel distance errors are given as a box plot in Fig 5. For all 11 landmarks, we
obtained a mean average error (MAE) of the Euclidean pixel distance of 5.34 (95% confidence
interval [3,7]) for the regression network and 3.43 (95% confidence interval [1.9,4.4]) for the
segmentation network. Both the regression and segmentation network show significant
improvements over the baseline (mean location per landmark), further motivating our meth-
ods. The performance of the baseline can be explained by the variance in orientation and posi-
tion of the wings in the images. For root mean squared error (RMSE) we obtained 6.32 for the
regression network and 6.67 for the segmentation network on the original image size
(1024 x 1280). Since we observed skewed error distributions, we further presented the box plot
of the first and third quartiles for the spread of errors. It is worth noting that there are varia-
tions among landmarks in their error distributions.

When running the models on the test set the regression network was approximately 5 times
faster than the segmentation network.

Table 2 shows the average landmark errors for each network with and without augmenta-
tions. The segmentation network did not benefit from image augmentation but the regression
network improved significantly.

Table 2. Effects of data augmentations on average landmark errors.

Without augmentations

With augmentations

Segmentation network Regression network
Median UB LB Median UB
3.1 4.6 4.4 8.3 10.3
3.0 44 3.0 4.8 7.0

LB and UB refer to the upper and lower bounds of the 95% confidence interval for pixel distance error.

https://doi.org/10.1371/journal.pcbi.1011194.t1002
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Effect of prediction errors on subsequent morphometric analysis

Fig 6 shows the relationship between the mean pixel distance error, and Procrustes shape dis-
parity from the mean shape, after removing outliers that are more than 2 standard deviations
from the mean. We remove outliers for linear regression since the method used for linear
regression is sensitive to outliers. The best fit regression line shows a positive slope with an R?
value of 0.09 (0.16 before removing outliers) for the regression network, and 0.01 (0.12 before
removing outliers) for the segmentation network.

The correlation is largely due to a proportion of outliers above and below two standard
deviations from the mean; 7.2% of test data points were outliers for the regression network
and 3.7% for the segmentation network. Fig 6 also shows how the average spread of errors is
wider and slightly more correlated with Procrustes disparity than the segmentation model, but
does not contain extreme outliers which indicates that small changes in the input will not
result in a surprisingly large error, hence the regression model may be considered more stable.
Examples of inlier predictions plotted with the ground truth are given in Fig A of 54 Fig.

Application to volumes 20 and 21

We applied the missing landmark classifier to volumes 20 and 21 consisting of 14,354 pairs of
wing images. We removed all cases where the corresponding image name was missing, and the
number of incomplete wings classified was 2,299 out of a total of 28,708 wings (8%). The pro-
portion of incomplete wings removed agrees with the proportion estimated from the random
sample. Visual inspection of predictions indicates that the classifier can discriminate accurately
between classes, often classifying more categories of incomplete wings as long as landmarks 4
or 6 were missing.

For the remaining complete wing images we decided to deploy the regression landmark
model due to its lower computational cost and more stable results with regard to producing
extreme outliers. The regression model also shows correlation between the errors of each land-
mark which helps to identify outliers (damaged wings missed by the classifier) by comparing
the wing lengths of the lab recorded wing length (wlm) and calculated wing length from pre-
dictions. The segmentation may still produce very accurate predictions for calculating wing
length while others can have a very large error as can be noted in Fig 5B.
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Fig 6. Procrustes disparity from the mean landmark shape and predicted vs the mean pixel distance error. The predictions using the regression
network (A) has slightly higher correlation and pixel distance error then the segmentation network (B). The segmentation network also has a lower
error interval indicated in light cyan, the 95% confidence interval is indicated in sky blue and the best fit line in royal blue.

https://doi.org/10.1371/journal.pcbi.1011194.9006
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Data alignment and correction. We estimated 2% * 2.56% of pages to be misaligned
based on a random sample of 100 pages. That is, we would expect around 15 of the 770 pages
to be misaligned. Using our semi-automated procedure, we found 15 misaligned pages using
the 0.1 R? threshold, including the two misaligned pages found in the random sample. The rel-
evant information regarding the data cleaning can be found in Table A in S3 Text, Table B in
S3 Text, under the sections named Sample statistics for misaligned pages and Alterations to vol-
ume 20 and 21 in S3 Text.

Measured vs predicted wing length. Fig 7 shows the relationship between measured
wing length (wlm) and the predicted wing length measured between landmark 1 and 6 after
correcting the misaligned data. We observed a strong linear relationship between the two vari-
ables with an R” of 0.83. It is noted in appendix B that the wilm variable was measured for the
right wing; otherwise, the hatchet cell was measured (distance between landmarks 7 and 11).
We excluded all these cases in Fig 7. The percentage of outliers with errors larger than the stan-
dard prediction error (shown in light blue in Fig 7) was approximately 2.2%. The majority of
outlying wings, however, received good predictions, which may indicate errors in the dissec-
tor’s measurements or remaining misalignments (see an example in Fig 8I). Other outliers rep-
resent damaged wings or missing wings that were not detected by the classifier (Fig 8). These
outliers were expected since the classifier only identifies wings missing landmark 4 or 6. The
distant outliers at the bottom right of Fig 7 are shown in Fig 8G and 8H. These were all images
with missing wings or wings that were misaligned. Fig 8G represents a misaligned wing where
the direction of the wing and image name are inconsistent. The outliers showcased in Fig 8
were manually removed from the final landmark data set.

Besides examining the outliers, we also explored potential errors and the overall quality of
predictions amongst the inliers. These make up the majority of wings that will be used for geo-
metric morphometric studies. Most inlier predictions were of good quality and had accurate
landmarks, with a few exceptions. Fig 9 shows some of the inliers with relatively large errors
compared to the average prediction accuracy errors, or good predictions but for deformed
wings that have altered the wing shape.
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Fig 7. Relationship between wing length measured by the dissector vs wing length calculated from the predicted
landmarks 1 and 6. The light cyan indicates the prediction interval. The 95% confidence interval (sky blue) is
indistinguishable from the line of best fit (royal blue).

https://doi.org/10.1371/journal.pcbi.1011194.g007
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A Missing end B Folded C Blurry

D Landmark off image E Badly damaged F Major artefacts
G Misaligned flipped wing H Missing wing I Complete wing

Fig 8. Wing images corresponding to outliers. Dots represent predicted landmarks from the regression network and
the straight line indicates wing length.

https://doi.org/10.1371/journal.pcbi.1011194.9008

Discussion and conclusion

Using a two-tier deep learning approach, we accurately filtered out damaged tsetse wings that
were missing landmarks and provided precise landmark coordinates for the remaining wings.
We showed that wing shape characteristics had a minimal effect on the accuracy of landmark
predictions. In addition, we addressed the misalignment problem, ensuring that the vast
majority of links between the resulting coordinates and the field-collected biological data are
correct. The result is a landmark data set with biological data for morphometric analysis.

Concerning the classification task, we used a technique similar to that used by Leonardo
et al. [35] for classifying fruit fly species. Leonardo et al. [35] also achieved the best results
using the VGG16 network compared to ResNet50, Inception and VGG19.

Concerning the data alignment problem, other approaches used the similarity of several
quasi-identifiers (QIDs) to align data [63-66]. The QID refers to some variable contained in
both data sets that can be used to link the data or find misalignments in the data based on their
similarity. This approach would be inadequate for our case since we only have one QID (wing
length) available. Moreover, dissimilarities in QID value between the data sets may be due to
factors other than misalignments. We were able to find misalignments successfully using a
page-level correlation approach with wing length as a QID.
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A Ink stain B Missing piece C Folded

Fig 9. Examples of erroneous inliers. Dots represent predicted landmarks from the regression network.

https://doi.org/10.1371/journal.pchi.1011194.g009

The results for the landmark model comparison indicate that the segmentation model per-
forms slightly better than the regression model concerning pixel distance error and wing shape
bias. The Procrustes analysis suggests that the segmentation model is slightly less affected by
extreme changes in wing shape. However, the correlation between prediction error and the
Procrustes disparity is minimal for both models.

The segmentation model contains around 1.3M more parameters, which amounts to a 3%
increase in the number of parameters compared to the regression network. However, the
increased model complexity is justified by the increased task complexity created by the larger
output size (11 x 224 x 224), compared to the regression output (11 x 2). The larger size of the
segmentation model comes at an extra computational cost, taking almost five times longer to
produce predictions using a GPU while also requiring more GPU VRAM. The segmentation
model has high accuracy but produces extreme outliers, which the regression model does not.
This implies that small perturbations in the input space can cause major errors in some land-
mark predictions which we refer to as model instability. The regression model uses an MSE
loss function that heavily penalises distant outliers, hence producing more consistent outputs
with fewer outliers. The regression model could also benefit from existing loss functions and
regularisation, which have been shown to improve landmark detection [67]. In addition, it
also showed a significant improvement using data augmentations as opposed to the segmenta-
tion model in which the effects of data augmentations were insignificant.

Various studies have manually identified landmarks on tsetse wings [3, 5, 10]. To our
knowledge, however, this study is the first to use automatic landmark detection on tsetse wing
images. We employed a data-centric approach, obtaining a large sample of quality checked
training images with no incorrect labels and accurate landmark annotations. In addition, we
improved the performance of the regression model using data augmentations to increase the
variety of wings concerning positions, sizes, and rotations. These augmentations prevent the
model from learning noisy patterns or biases in wing position, size and rotation [46]. Another
strength of the current study is that we analysed how the prediction errors affect subsequent
morphometric analysis, showing that our approach results in a model with only slight wing
shape bias. Bias towards specific shapes would have limited the potential for morphometric
studies because wing shapes at the tail of the shape distribution will have less accurate land-
mark predictions for determining the wing shape, consequently affecting variation and co-var-
iation of wing shape.
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A key strength of our approach is that we divided our problem into more focused tasks that
allowed for precise model choices for each task. Alternatively, the problem of incomplete
wings could be solved by using a model capable of predicting a variable number of landmarks
since we have images with damaged wings containing a subset of the total number of land-
marks. However, this brings various complexities to the task. We would need to include a
large variety of incomplete wings, introducing sample imbalance in the training data due to
varying proportions of categories of incomplete wings. In addition, from a morphometric per-
spective, it is standard practice to compare shapes with an equal number of landmarks. Our
approach allowed us to easily create a training set and train a model with a fixed number of
landmark outputs by first removing incomplete wings with a subset of landmarks. Using only
complete wings avoided increased task complexity and made it directly applicable for geomet-
ric morphometrics.

There are a few limitations to the current study. Firstly, some wings with missing landmarks
or other deformities may have remained in the final data set. However, these would be small in
number and unlikely to bias subsequent morphometric studies. Secondly, we cannot ensure
that our R” threshold method achieves perfect alignment between the images and the biologi-
cal data, therefore some misalignments might still be present. This is because the threshold
method is less robust in the specific case where pages have a small number of misalignments,
i.e. pages with only a few misalignments are less likely to be detected since they will most likely
still have a high R? value. We are more likely to pick up misalignments due to photographing
mistakes that happened at the beginning of a page, since this will mean the subsequent flies
will not be in the correct order, resulting in a low R>. However, the sample statistics for mis-
aligned pages indicate that the expected amount was detected, thus the majority of misalign-
ments were found and corrected. Furthermore, some remaining misalignments were found as
outliers and removed from the final data set. Thirdly, the training images may not include the
full variety of shapes and sizes found in the full data set. Lastly, the incomplete wing classifier
does not address some infrequent categories of incomplete wings, though the majority of
incomplete wings are removed. Additionally, some of the remaining incomplete wings are
identified as outliers for measured vs predicted wing length.

Providing landmarks for wings is a missing data problem and requires multiple imputation
to correctly account for the extra uncertainty due to the prediction of missing values [68]. A
limitation of the current study is that we provide a single set of landmarks for each wing. We
caution researchers using these data for future inference that the resulting standard errors for
estimates might be slightly too small. However, we feel that the practical considerations con-
cerning the usability of the resulting landmark data set out-weigh the advantage of correctly
accounting for the, likely minimal, extra uncertainty due to missing values.

We cannot know how well our model will perform when applied to different species of
tsetse, or indeed different populations of G. pallidipes or G. m. morsitans. However, since we
specifically aim at predicting landmarks while removing any bias toward wing shape, and
since the data set used contains much of the variance we could expect (refer to Fig A of S2 Fig),
we do argue that these models are unlikely to perform noticeably worse.

Several improvements can be made to increase the overall performance of these methods
and their usability on more volumes of the tsetse data. Future research could improve the cur-
rent incomplete wing classifier by finding a method to remove all classes of incomplete wings.
Alternatively, one could develop a model that predicts landmarks for both complete and
incomplete wings, paying particular attention to avoiding wing shape biases in incomplete
wings. Future research could improve the data augmentation to include additional affine and
elastic transformations to address inaccurate predictions for divergent shapes preventing
model bias towards the mean shape. The segmentation model required a segmentation disk of
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radius R and used the 7, highest pixel values to infer a final landmark location. Both these
parameters were not experimented with and could be optimised to improve performance
further.

To fully explore the information in the whole data set, we stress the desirability of applying
the technique developed here to all wings available from all 27 volumes of data. This is, how-
ever, a major undertaking and was beyond the scope of the present study. To apply the models
used in this research on other volumes of the tsetse data, one should repeat all methodologies
except model training, i.e. calculating sample statistics and detecting misalignments to ensure
the same level of data quality showcased in this study is achieved.

When applying these methods to other types of data, for example, the Drosophila data sets,
one can use transfer learning to benefit from the learnt features of this study. It is important to
note that the Drosophila data sets used by Vandaele et al. [36] and Porto et al. [37] will most
likely not benefit from a deep learning approach because of the limited training data available.
Therefore, we suggest a transfer learning approach using the trained network weights of our
models. Loosely comparing our results with former mentioned studies, Vandaele et al. [36]
reported a similar mean pixel distance error of approximately 6 pixels for images of a smaller
size (1440 x 900). Porto et al. [37] reported a mean pixel distance error of 0.57%, normalising
the mean pixel distance by the largest wing length. We obtained a smaller normalised pixel dis-
tance error of 0.47% for the deployed regression model using the same metric. The Drosophila
data sets are arguably less complex than our data, which often contains image artefacts and
varying wing quality that may affect the complexity of the task. Therefore we argue that suc-
cessfully applying transfer learning could yield better results on these Drosophila data sets.

We successfully produced landmarks on an extensive data set of tsetse wing images for sub-
sequent geometric morphometric studies. Alongside a detailed description of the methods
used, we provide the trained model in the project GitHub repository [60] and the resulting
landmark data from this study in data Dryad [61]. This data includes the biological recordings
for each fly fully described in Table A in S1 Text, as well as the associated landmark predictions
provided by this study along with all training data and annotations used to train our landmark
detection models. We also provide the tsetse fly wing images from volumes 20 and 21 consist-
ing of 14,354 images. Suggestions for studies using this data are mentioned in S3 Text under
the section named Directions for morphometric studies using these landmarks.

Implications for studies on the biology and control of tsetse and
trypanosomiasis, and morphometric studies on wings of all insects

If, as suggested in the literature [3-10], differences in wing shape between geographically sepa-
rated populations of tsetse indicate the amount of genetic flow between such populations, it is
crucial to ascertain the natural variability in wing shape at any given location. The study that
provided wings for the current work affords that possibility—{lies being captured in 136 conse-
cutive months, at sampling sites all within a 2km radius of Rekomitjie Research Station in the
Zambezi Valley of Zimbabwe. The females captured were subject to ovarian dissection to
assess their age, pregnancy state, sperm content and mortality and abortion rates [15, 17, 24-
26, 29, 33]. Large subsets were also dissected to identify their trypanosome infection status [14,
16, 18, 23, 34] and were subjected to nutritional analysis to assess fat, dry weight and residual
blood-meal content [13, 19-22, 27, 28, 30]. Of particular interest are two papers assessing wing
length and the extent of wing fray [31, 32]. We will therefore be able to examine the relation-
ship between wing shape and a wide variety of biological attributes of the tsetse sampled.

After a tsetse wing expands and hardens, immediately post-adult-emergence, its length
does not change. [21, 22, 31]. We assume that the shape will, similarly, be independent of the
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fly’s age—but we will be able to check this using large samples of females where the age, and
the date of birth, have been determined. Of importance will be an examination of the extent to
which wing shape changes with the season and with climate variability between years across
the 11 years of the study and, particularly, with the climatic conditions that a fly’s mother expe-
riences during pregnancy.

These detailed examinations of the way wing morphometrics data meshes with the underly-
ing data set are beyond the scope of the present study, which simply aimed to establish the via-
bility of a semi-automatic method for locating wing landmarks.

We found very good agreement between the wing lengths predicted in our study, and those
measured manually using a binocular microscope in the underlying study (Fig 7). This sug-
gests that our method should be applied to all the wings we have available ourselves, and
should allow other students of tsetse populations to carry out morphometric studies on much
larger samples of wings than has been feasible until now. Of more general significance is the
question of whether the method is applicable to the wings of other insects, a matter that we
must allow other workers to decide.

Supporting information

S1 Fig. Misalignment problem. Fig A. Diagram explaining the misalignment problem and
solution. The Labeller refers to the person who captured the images of the tsetse fly wings from
the laminated page, denoted by Page number: XXX. The Same image and Skipped image label
illustrate two types of errors that occur during labeling that result in misalignments. Same
image, is an erroneous duplication of N2L. Skipped image, is an erroneously skip of image
N3R, resulting in N4L being named N3R. The Same image error results in a misalignment of
one step ahead, and one step behind for the Skipped image error. By analysing the correlation
between predicted wing length and recorded wing length (wim) using the R> metric, we are
able to detect pages with misalignments. This is illustrated on the lower half of the diagram. It
is easier to detect misalignments if the error happens early on in the page since more wings
will be misaligned.

(TIF)

S2 Fig. Vol. 20 and 21 motivation. Fig A. Monthly mean wing lengths of female G. pallidipes
sampled at Rekomitjie Research Station, Zambezi Valley Zimbabwe between September 1988
and December 1999, highlighting the results for flies from Volumes 20 and 21. The error bars
show the 95% confidence intervals; where these are not visible, the bars do not extend beyond
the borders of the symbol. The variation in wing length in volumes 20 and 21 covers a majority
of the seasonal, and overall, variation observed with respect to wing length. As such it seems
reasonable to think that the subset is sufficiently representative of the whole to support an ini-
tial attempt at developing an automatic landmark detection system.

(TTF)

S3 Fig. Incomplete wings. Fig A. Examples of the types of incomplete wings that appear in
the data set.
(TIF)

S4 Fig. Landmark predictions. Fig A. Example predictions from the regression network
within the 95% CI for Procrustes disparity and mean pixel distance error: green dots indicate
ground truth, magenta dots indicate predictions.

(TIF)
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S1 Text. Biological recordings. Table A. The variable names given in this table were recorded
during the dissection of each respective fly. Note that these variables are only some of the vari-
ables available for each fly which are given as part of the morphometric data set published with
this research.

(DOCX)

$2 Text. Classification scores. Table A. VGG16, parameters: 1474822. Table B. ResNet18,
parameters: 11177025. Table C. Inception V3, parameters: 24346082. Fig A. Loss per epoch,
illustrating training stability and convergence speed.

(DOCX)

S3 Text. Data information. Table A. A table of sample statistics for pages containing mis-
aligned data. Table B. A table detailing the amount of misaligned pages found and whether
they were corrected or removed from the data set.

(DOCX)
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