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Introduction
Monitoring plankton populations in situ is fundamental to preserve the aquatic ecosystem.
Plankton microorganisms are susceptible of minor environmental perturbations[1] and can
be regarded as biosensors. In this context, the adoption of machine learning algorithms-
may be a�ected by the significant cost of manual annotation. To address these challenges,
we propose an e�icient unsupervised learning pipeline for classification of plankton mi-
croorganisms. A Variational Autoencoder (VAE)[2] is trained on features extracted by a
pre-trained neural network. We then use the learnt latent space as input for clustering.
We compare our method with state-of-the-art unsupervised approaches, where a set of
pre-defined hand-cra�ed features is used for clustering of plankton images.

Methodology
A Variational Auto Encoder (VAE) learns to reproduce input while learning a lower dimen-
sional representation by encoding the input into a multivariate latent distribution:

x′ = d(e(x))

l(x, x′) =
∥∥x− x′∥∥2

+ DKL(G(µ(x), σ(x)),N (0, I)).
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Figure 1: Schematic VAE representation
Our pipeline includes the following steps:
1. Pre-processing: images are resized and normalized.
2. Features extraction: images are given as input to a deep neural network pre-trained on

the ImageNet dataset, without further tuning.
3. Dimensionality reduction and clustering: train a convolutional Variational Auto Encoder.

Learnt latent space is fed to a clustering algorithm.

Figure 2: The proposed pipeline

Experiments
Datasets:
• Lensless: 10 classes, with 640 color images each.
•WHOI40: 40 classes, each represented by 100 grayscale images.
•WHOI22: 22 fine grained species, 300 grayscale images each.

Figure 3: Sample images. Lensless (top), WHOI (bottom)

We evaluate our pipeline with the purity measure:

purity(Ω, C) =
1

N

∑
k

max
j
|wk ∩ cj|,

where Ω = {w1, ..., wk} set of clusters, C = {c1, ..., cj} set of ground-truth classes. We can
show qualitative benefit using pre-trained features on the lensless dataset.

Figure 4: Learnt latent space via TSNE with di�erent input. Images (le�). Pre-trained features (right)

Quantitative benefit of using pre-trained features on the lensless dataset:

Algorithm/Z 10 30 50 100 500

image-VAE 0.53± 0.017
(1.4± 0.5)

0.55± 0.04
(1.6± 0.49)

0.58± 0.01
(2.0± 0.63)

0.59± 0.01
(1.6± 0.48)

0.62± 0.01
(2.0± 0.0)

FE-VAE 0.98± 0.01
(0.0± 0.0)

0.98± 0.03
(0.0± 0.0)

0.98± 0.01
(0.0± 0.0)

0.98± 0.02
(0.0± 0.0)

0.98± 0.02
(0.0± 0.0)

• Pre-trained features increases the purity with an average improvement of 30%

• Using a bigger latent space does not imply a performance improvement
Quantitative results on the other datasets:

.

Dataset/Z 10 30 50 100 500

WHOI 40 0.66± 0.01
(5.8± 0.75)

0.71± 0.02
(5.8± 1.16)

0.73± 0.02
(5.2± 0.98)

0.77± 0.01
(3.8± 1.16)

0.77± 0.01
(4.0± 0.63)

WHOI 22 0.63± 0.004
(2.0± 0.63)

0.66± 0.01
(1.6± 0.49)

0.68± 0.005
(1.6± 0.49)

0.68± 0.006
(1.4± 0.5)

0.68± 0.01
(1.8± 0.4)

• Best performances correspond to a latent space size Z = 100.
We benchmarked our results using a state-of-the-art unsupervised learning pipeline.

Algorithm/Dataset Lensless WHOI 40 WHOI 22
Pipeline from [3] 0.93 (0) [3] 0.71 (5) [3] 0.56 (3)
Ours 0.98 (0) 0.77 (4) 0.68 (2)

Conclusions

We introduced an e�icient unsupervised pipeline for plankton images. Input images are
fed to a pre-trained neural network. Output features are used as inputs to train a Varia-
tional Auto Encoder. The latent space representation is used by clustering algorithm.
A VAE with a latent space dimension 100 with pre-trained input features gives the best re-
sults for all the datasets included in our work. By using a set of pre-trained features, our
pipeline represents an e�icient approach in terms of time and resources.
Future developments will extend our analysis to other datasets to test our pipeline on a
more general context.
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