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Abstract

In this paper, we present our first proposal of a

machine learning system for the classification of

freshwater snails of the genus Radomaniola. We

elaborate on the specific challenges encountered

during system design, and how we tackled them;

namely a small, very imbalanced dataset with a

high number of classes and high visual similarity

between classes. We then show how we employed

triplet networks and the multiple input modalities

of images, measurements, and genetic informa-

tion to overcome these challenges and reach a

performance comparable to that of a trained do-

main expert.

1. Introduction

Radomaniola is a genus of gastropods (‘snails’) that live

in springs and other flowing waters in the Balkan region

(Boeters et al., 2017). Due to their minute size (2-4 mm

long) and featureless shells, the taxonomy (species classifi-

cation) of these snails today is primarily based on genetic

and anatomical data (Delicado & Hauffe, 2022). As il-

lustrated in Figure 1, the differences in shell morphology

between species are only minor, particularly to the untrained

eye. Consequently, classifying Radomaniola specimens is

complex and time-consuming, as the subtle morphological

differences are challenging to detect, even for human ex-

perts. Traditional methods involve multiple, labor-intensive

steps, including transferring specimens to a laboratory, de-

tailed examination under a binocular microscope, specimen

dissection, and meticulous comparison with other species

within the genus. Additionally, the limited number of ex-

perts and their lengthy training process can further delay
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species identification.

In the following, we demonstrate how we employed multi-

modal triplet networks to develop a system that can learn

from images, measurements and genetic information, while

at the same time working around a small and heavily im-

balanced dataset to reach expert-level classification accu-

racy. This classification module is part of a larger work-in-

progress system that we plan to use in the future to support

taxonomists in their work by providing them with a readily

available objective, AI-based assessment, and in making

their knowledge more accessible.

Figure 1. Example specimens from six different Radomaniola

species. Left: R. curta, R. mostarensis, R. seminula. Right: R.

jovanovskae, R. nachtigallae, R. szarowskae. To an untrained ob-

server the species appear very similar, differing only in minute

details.

2. Related Work

Our currently best-performing system leverages multiple

input modalities, specifically images, measurements, and

genetic information. We use these inputs to simultaneously
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learn an intermediate representation that captures similari-

ties between inputs, and how to use this intermediate repre-

sentation for the final classification task. In the following we

will therefore briefly cover the fundamentals of multimodal

learning, similarity learning, and multi-task learning.

2.1. Multimodal Learning

In multimodal learning, the system learns from multiple

input modalities simultaneously. Instead of relying only

on tabular data, text, or images, the system is integrating

and learning from a combination of these modalities. The

rationale is that each modality captures different aspects of

the data, therefore learning from multiple modalities can po-

tentially lead to a more in-depth understanding (Baltrušaitis

et al., 2017). A key challenge in multimodal deep learning

is how to efficiently represent the different modalities. A

common solution involves creating a separate set of layers

for each modality to compute intermediate representations,

which are then projected into a joint space. This joint repre-

sentation is then used for a downstream task, such as classi-

fication (Gao et al., 2020; Baltrušaitis et al., 2017). Previous

research has shown that this approach allows for the entire

network to be trained end-to-end to simultaneously learn

an efficient representation of the different modalities and

performing the task at hand (Ngiam et al., 2011; Mroueh

et al., 2015; Ouyang et al., 2014; Nguyen et al., 2019; Hong

et al., 2015). In our work, we have different modalities

of data available: images, measurements and genetic infor-

mation. According to the domain experts these modalities

complement each other and the decision is usually made

taking multiple into account and not one alone when more

are available.

2.2. Similarity Learning

While deep learning systems can be incredibly powerful,

they typically require large amounts of data to perform well.

However, in many practical applications, acquiring such

large datasets demands considerable effort and time from

domain experts, which is often not feasible. In our case this

would require the domain experts to either travel to the re-

mote locations where specimens were previously collected,

or to identify new locations where Radomaniola snails oc-

cur; both of which are challenging and time consuming

tasks. A technical approach for alleviating the limitations

of small datasets is to focus on learning a similarity metric

on input data, rather than directly training a classifier. This

includes embedding the inputs; mapping the inputs to high

dimensional real vectors, such that the easy to compute sim-

ilarity between these vectors reflects the much more difficult

to formalize similarity between the inputs (Abeysinghe et al.,

2019; Figueroa-Mata & Mata-Montero, 2020; Koch et al.,

2015; Hoffer & Ailon, 2018; Chopra et al., 2005; Baldi

& Chauvin, 1993). One approach to learn this mapping

is through the use of siamese networks (Baldi & Chauvin,

1993). Siamese networks are trained on pairs of inputs,

with the goal of producing small distances between the em-

beddings of inputs from the same class and large distances

between embeddings of the inputs from different classes.

This approach was shown to work well with the compara-

tively small datasets used in biological applications, where

the datasets often have many classes and few samples per

class. For instance, Abeysinghe et al. (2019) utilize siamese

networks to classify images of snakes, and Figueroa-Mata

& Mata-Montero (2020) apply them to classify different

plant species. Triplet networks (Hoffer & Ailon, 2018) build

on this approach by training on three inputs: the anchor,

a positive example from the same class as the anchor, and

a negative example from a different class. The network is

then trained to produce small distances between the em-

beddings of the anchor and the positive example and larger

distances between the embeddings of the anchor and the

negative example. This was shown to produce embeddings

that capture the similarities in the underlying dataset in a

way that is better suited for classification tasks (Hoffer &

Ailon, 2018; Schroff et al., 2015). As triplet networks are

learning the relative similarity of an input sample in relation

to all other samples in the dataset, they were also shown to

perform well with unbalanced datasets and in cases where

multiple classes have only a small number of samples avail-

able (Koch et al., 2015; Schroff et al., 2015). We leverage

this capability of triplet networks to learn meaningful rep-

resentations to address the challenges posed by our small,

imbalanced dataset, where for many classes only a small

number of samples exists.

2.3. Transfer Learning and Multi-Task Learning

Training deep learning systems on small datasets can easily

result in poor performance and overfitting. Two effective

techniques to mitigate these issues are transfer learning and

multi-task learning. In transfer learning, also known as fine-

tuning, the network is first trained on a different, generally

much larger dataset. The idea is that during this pre-training

phase, the network learns expressive intermediate features,

which can be leveraged to achieve high performance on simi-

lar tasks (Oquab et al., 2014; Pan & Yang, 2010). Multi-task

learning on the other hand, aims to enhance performance

on a task by exploiting knowledge from different related

tasks, for example by learning multiple tasks at the same

time, while using a shared intermediate representation. This

approach has been shown to improve generalization and

model performance over training models for the tasks in

isolation (Caruana, 1997; Thrun, 1995; Kendall et al., 2018),

and it can also help alleviate limitations from small datasets

(Zhang & Yang, 2017). A key challenge in this learning pro-

cess is how to combine the multiple objectives into a single

loss function. The naive approach of using a weighted sum
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requires careful tuning, as the different loss functions can

have vastly different value ranges. To address this, Kendall

et al. (2018) propose a method to learn optimal loss weights

during the training process. In our system, we use a convo-

lutional neural network that was pre-trained on the over 1

million images and 1000 classes of the ImageNet dataset

(Deng et al., 2009) to extract expressive image features,

helping us overcome the limitations of our small dataset,

and providing a solid foundation for capturing meaningful

image features from our data. Additionally, we observed

that during training the loss values for embeddings and clas-

sification have very different ranges. Therefore, we adopt

the approach proposed by Kendall et al. (2018) to avoid the

time-consuming search for optimal individual loss weights

while simultaneously learning embeddings and classifica-

tion.

3. Dataset

Our system is trained on and applied to a dataset consisting

of 706 specimens of the genus Radomaniola, distributed

across 21 species, with between 5 and 88 specimens each.

As illustrated by Figure 2, the dataset is very imbalanced,

with multiple classes represented by less than 10 samples.

For each specimen, we have a high-quality photograph avail-

Figure 2. Samples per class in the dataset. The distribution is very

imbalanced, most samples (88) are available for R. mostarensis,

least samples (5) are availabe for R. albanica

able, as illustrated in Figure 1, which we process by resizing

to 224x224 pixels, mapping the values for each channel to

values in the range from 0 to 1, and then normalizing the

values so that across the complete dataset each channel has

a mean of 0 and a standard deviation of 1.

In addition to the images, we have available multiple mea-

surements of the specimen and the site where it was col-

lected. The specimen-specific measurements consist of shell

length, shell width, aperture length, aperture width, width

of body whorl, and width of penultimate whorl. Further-

more, for each specimen information on the site where it

was collected, including country, geographic coordinates,

habitat type in IUCN units (IUCN, 2012), local temperature

and precipitation obtained via coordinates from WorldClim

database (worldclim.org), geological information derived

via coordinates from The Geological Map of Europe (Asch,

2005), and elevation.

However, on a first analysis we found that this data was too

specific. In the dataset, there was exactly one species present

at each collection site. At the same time, very specific en-

vironmental measurements were available, such as latitude

and longitude of the collection site, and temperature ranges

at the collection site. These measurements in turn allowed

our system to shortcut the learning process by simply learn-

ing which measurements belong to which site and which

species was collected at that site. It should, however, be

noted that these are not necessarily confounding variables,

as geographic location and environmental parameters, such

as temperature, are important descriptors of species habitats.

In our case we found them simply measured too fine-grained

to allow learning of useful features. To avoid the system

relying on shortcuts, we removed all features that allowed

identification of a specific site, such as geographic coordi-

nates, reducing the number of available measurements from

19 to 12 for each specimen.

We validated the removal of features by training a random

forest classifier on the remaining measurements with 80%

of data used for training and 20% for testing. As the classi-

fier was not able to reach above 90% accuracy on the test

set, we concluded that the reduced feature set did not allow

for shortcuts anymore. For comparison, training on vari-

ous different subsets of the removed attributes allowed for

perfect 100% accurate classification. Investigating feature

importances, we found that the country where the samples

were collected proved to be a very strong predictor for the

species. This also matches how the domain experts perform

their classification process, as many species have specific

countries where they are observed. Therefore, knowing that

a sample comes from a certain country already allows the

domain experts to exclude multiple species as very unlikely,

and our ML system seems to follow a similar process.

Finally, we also have genetic data on the differences be-

tween species available. We use data presented by Delicado

& Hauffe (2022, Fig. 3A), where a clustering of species,

acquired through Bayesian coalescence, is depicted. In

this clustering, the similarities are based on mutations in

DNA, rather than morphology. It serves as a reference to

understand which species should be more similar in shell

morphology based on their evolutionary history. We com-

piled this clustering into a pairwise distance matrix which

indicates similarity between species in time units. The lower

the distance, the more similarities the DNA of two species
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is sharing.

4. System description

As illustrated by Figure 3, our system consists of the follow-

ing steps:

• Image feature extraction,

• Integrating measurements into a joint representation,

• Learning embeddings from the joint representation,

• Using embeddings for classification.

We use a MobileNetV3-small network (Howard et al., 2019),

pre-trained on ImageNet (Deng et al., 2009), to map input

images to 32-dimensional image feature vectors. This com-

paratively small network allows for fast interference times

and has low requirements for training and deployment. In

preliminary experiments we also evaluated different ResNet

(He et al., 2015) and EfficientNet (Tan & Le, 2021) archi-

tectures, but the MobileNet architecture showed the best

performance in our system. The measurements are then

integrated into a joint representation by concatenating the

raw measurement values with the image feature vector, as

illustrated by the Concat layer in Figure 3. This joint repre-

sentation is then mapped to a 32-dimensional embedding,

which is trained using the triplet loss (Hoffer & Ailon, 2018).

For an input x, a positive example x+ from the same class

as x and a negative example x
−

from a different class, the

triplet loss is given as:

Lt(x, x+, x−
) = ReLU (d+ − d

−
+margin) (1)

Here, d+ := dist(x , x+) is the distance in embedding

space between anchor and positive example, and d
−

:=
dist(x , x

−
) the distance in embedding space between an-

chor and negative example. Optimizing this loss leads to

embeddings where inputs from the same class are close to-

gether and inputs from different classes are at least margin

apart. In triplet networks, correct selection of triplets is

essential for convergence (Schroff et al., 2015). Due to the

limited size of our dataset, we can perform offline triplet

selection, where after each epoch we compute good triplets

of inputs over the whole dataset. For our triplets we use the

hardest positive and a semi-hard negative example. This

means that for each anchor input, we select the input whose

embedding is the furthest away. We then select a random

semi-hard negative example so that the distances suffice the

equation d
−
< d++margin , as this was shown to help mit-

igate model collapse (Schroff et al., 2015). While this leads

to embeddings that clearly separate the different classes,

we also aim for biologically meaningful embeddings that

capture the similarities between species. To achieve this, we

replaced the fixed margin in Equation (1) with what we call

a dynamic margin margin(x+, x−). The dynamic margin

depends on the classes of anchor / positive example and neg-

ative example and instead of a fixed value it returns a margin

value that is proportional to the innate difference between

the classes. In our system, we used genetic distance between

species, informed by Delicado & Hauffe (2022, Fig. 3A), to

capture these innate differences between classes, and we use

cosine distance to measure distances in embedding space.

Finally, the embeddings are fed into a classification head,

where the loss for input x with true label y, Lc(x, y), is

given by the standard cross-entropy loss for classification

tasks. We then train the network end-to-end to optimize

both losses Lt and Lc simultaneously, with the approach

described by Kendall et al. (2018) to also learn appropriate

weights for each loss. The final loss function for our system

is given by the following equation, where both losses and

their respective weights (s1, s2) are jointly optimized:

L(x, x+, x−
, y) = exp(−s1) · Lt(x, x+, x−

)

+ exp(−s2) · Lc(x, y)

+ s1 + s2

(2)

This combined loss helps us to leverage the ability of triplet

networks and multi-task learning to learn meaningful repre-

sentations from small sample sizes and imbalanced datasets.

At the same time, the joint training ensures that the learnt

representations are well suited for classification, and trains

the classifier how to best use them for its task.

5. Experiments

We compare our system against multiple baselines to ensure

that each level of added complexity genuinely improves

classification performance. For this we evaluate the per-

formance of the following configurations: (1) images, (2)

images and measurements, (3) image and measurements,

trained with triplet loss and classification loss, and (4) im-

ages and measurements, trained with dynamic margin triplet

loss and classification loss. For each configuration we es-

timate performance with 5-fold stratified cross validation,

with 80% of samples used for training and 20% for testing.

We train with a batch size of 16 for 100 epochs using the

Adam optimizer (Kingma & Ba, 2017) with a learning rate

of 0.001 and a cosine annealing schedule (Loshchilov &

Hutter, 2017) that decays the learning to 0.00001 over the

course of the 100 epochs. Given the varying class sizes,

we balance the class distribution in the training set, but not

in the test set to avoid introducing biases regarding class

frequencies into the training of the classifier. Furthermore,

we augment the training images in each batch by randomly

adding Gaussian noise with a mean of 0 and standard devi-

ation of 0.05 and randomly rotating each image an integer

multiple of 90 degrees. We explicitly avoid the common
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Figure 3. Architecture of the classification system. A pre-trained CNN extracts image features from the input images. The image features

and the measurements are concatenated to create a joint representation. This joint representation is mapped to an embedding, which is

then used to classify the input. Genetic information is only used during training, where it is used in the joint optimization of embeddings

and classification results.

technique of flipping images, as this would would transform

the dextral shell images into pseudo-sinistral shell images.

Since such snails actually exist in nature, this image trans-

formation would have serious biological implications, espe-

cially when applied to a dataset containing both dextral and

sinistral shells in the future.

Figure 4. Test set classification accuracy for each of the configura-

tions. Inclusion of additional modalities improves system perfor-

mance, although the improvement from using genetic information

with the dynamic margins is not statistically significant.

As seen in Figure 4, each additional level of complexity

improves classification accuracy. Incorporating both images

and measurements leads to better performance than using

only images. Training the model on both triplet embeddings

and classification leads to better results than training the

model only on classification. Adding genetic species dis-

tances with the dynamic margin to the triplet embeddings

also slightly improves the final classification accuracy over

the standard triplet embeddings, though this improvement

is minor and not statistically significant (p > 0.6). It is

important to note that so far the genetic information is only

used for optimizing the triplet loss during training and is not

used during testing. However, with a final mean classifica-

tion accuracy exceeding 98.5%, the system is performing

extraordinarily well and way above our initial expectations,

considering the small dataset, unbalanced classes, and high

visual similarity between classes. We also observe that, sim-

ilar to the domain experts, our system can perform reason-

ably well with images alone, but including other modalities

makes the classification process easier.

6. Conclusion and Outlook

In this work we presented a system for the classification of

Radomaniola snails based on multimodal triplet networks

and demonstrate that it can achieve expert-level classifica-

tion accuracy. A big strength of our system is that it does

not require thousands of images for success, but is able

to achieve its high performance despite the small dataset

with less than 1000 images, the very imbalanced class dis-

tributions where some classes have less than ten images

available, and the very subtle differences between classes

that are hardly visible to non-experts. In future work, we

intend to incorporate different explanation techniques in the

system. In close cooperation with the domain experts, we

intend to use this to investigate what the system learns, if

it can capture new information, whether the explanations

are biologically sound, and which of the many different
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approaches to explain the decision process of deep neural

networks is the most useful to them.

Our classification system is designed to be a valuable tool

for domain experts by reducing their workload, speeding up

the classification process, and maintaining high accuracy.

With interference times in the range of only a few seconds on

current consumer hardware, even without GPU acceleration,

it might even be possible to apply the system in the field

in combination with a laptop and USB microscope. Such a

setup would enable preliminary classification directly at col-

lection sites and would benefit ecologists and conservation

planners who are mostly interested in identifying species

in specific regions. Taxonomists or evolutionary biologists

may still need to work in the lab for detailed anatomical

or genetical analyses. Given the difficulties that experts

face in classifying Radomaniola specimens, comprehensive

documentation of shell and other anatomical features using

a high-resolution binocular microscope in the laboratory

is essential for meticulous species comparison. Here our

ML system can significantly reduce the required effort by

automating cross-species comparisons based on shell and

geographic data. We estimate that with the aid of the ML

system, experts will be able to classify a specimen in min-

utes, compared to the hours it might take using traditional

methods.
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