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biréfringents

 Biométrie (grand & petit axe, ellipsité ...)

 Estimation de la masse (Utilisation de 

l’échelle des teintes de la charte de 

biréfringence de Michel-Lévy)
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Figure 5: DenseNet topology. A fter an init ial convolut ion,

there are mult iple dense blocks, following by either global

average pooling or fully connected layers. Each dense block

consists of n i layers, each layer performs a convolut ion and

concatenates the result s with it s input . At the end of the

block ther is a final convolut ion followed by pooling (except

for the last block). Yellow boxes are batch normalisat ion

layers, green boxes are act ivat ion layers.

(e.g. [36, 1]) or vectorised and combined with ma-

chine learning for computer-based classificat ion (e.g

[3]). The benefits of morphometric features are

their clear geometric or dist ribut ional interpreta-

Figure 6: Confusion mat rix of validat ion result s for one

t raining run of the CNN.

t ion, such as for moments and texture histograms,

respect ively.

In cont rast , CNNs operate direct ly on the input

image and while the features at each layer can be

visualised ref:ref they are patch-based and there-

fore do not provide any easily interpretable global

geometric informat ion. However, the vector of act i-

vat ions of the final fc layer is independent of image

size, and is therefore a global descriptor of the im-

age. It is input into the final linear classificat ion

step in the softmax layer, similar to how vectors of

morphological measurements may also be used with

linear classifiers. The values therefore correspond

to features in the t raining set that the network has

ident ified as discriminat ive. Not all the values will

be large, due to the dropout method allowing for

the fully connected layer to be larger than neces-

sary.

Wecan thereforeusethese feature vectors to com-

pare foraminifera images (sans classificat ion) using

linear algebra, similar to how morphometric fea-

ture vectors provide a direct comparison. For ex-

ample, similarity between images may be measured

by their euclidean vector distance or vector angle

(cosine similarity), allowing for other methods of

classificat ion, such as k-nearest neighbour ref:knn .

We shall explore three potent ial uses for the fea-

ture vector, visualisat ion, t raining set validat ion,

and clustering, that can aide taxonomists who are

creat ing and evaluat ing foraminifera datasets using

CNNs.
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