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A Convolutional Neural Network to Classify Zebra Finch Song
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alternative. w | Figure 4. Confusion matrices for baseline (left) and CNN (right) algorithms.

* CNNs are a Flass of d.eep neural networks that apply learned filters — * For the baseline algorithm, Acc = 0.946 and k = 0.714, while
to extract high-level information (features) from input data and are Convolution ?E;;Pﬂﬂ“lng for the CNN-based algorithm, Acc = 0.942 and k = 0.687.
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* In this project, we developed a CNN based algorithm and A R AL TR LT Max-pooling ;’lale;zfi'lng outperforms the CNN-based algorithm on this dataset.
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Figure 3. Overview of the convolutional layers of the CNN. Text on the top of the figure specifies the Tuned CNN|Song Noise tuned CNN .Outperfc.)rmed the
dimensions of data as it passes through the network, while the text on the bottom specifies which % Song other algorithms, with Acc =
Meth()ds functions are being applied to the data. 5 169 45 0.949 and k = 0.7248.
®)
* Audio recordings can be represented as images, which 256 neuron dense layer g No
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* The CNN was trained using the Adam algorithm, which is based on gradient descent. i‘gAI,Of the tlmedthe 16.81
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* The trained CNN was compared to an existing laboratory standard template-matching ’ Baseline NN
algorithm to compare processing speed for birds outside of the original training set.
e Data for one of these birds was incorporated into the training set for a tuned model to test C | o
* The CNN developed in this project was trained using whether the performance improved with additional training data. onciusions
recordings from 5 zebra finches. * To compare the performance of both algorithms, the number of true positive (TP), false ) Can\]l barsi? aUdr']? ::zssr:flcitmnsrfli?”rhTiﬁ: z?ccfrnev:
 These recordings were processed into 0.5s files positive (FP), false negative (FN), and true negative (TN) classifications were measured based icc;)en’?i?icaatii:e offnance to current algor > 10T S0NS
containing either song or other vocalizations and noise. on visual classification of songs. '

* The CNN was able to recognize singing in birds that were outside

* Using the classification metrics, the accuracy (Acc) and Cohen’s kappa (k) values for each of the original training set, suggesting that the model can

Figure 2. An example of a classitier were computed. D 4 TN generalize across zebra finches.
5gzzrf;f::§dt;2eccltlr$ram Acc = TP T FP + EN = TN e CNN based methods are dramatically faster than current
algorithms, potentially enabling real time song detection.
K = Ace — Pe}wit Dy = (TP + FN)(TP + FP) + (TN + FP)(TN + FN) * Expanding the training data set improved model performance.
1 — p, (TP + TN + FP + FN)?
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