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[Abstract]

The proposed model implements a model that improves the face prediction rate and recognition rate through learning with an
artificial neural network using face detection, landmark and face recognition algorithms. After landmarking in the face images of
a specific person, the proposed model use the previously learned Caffe model to extract face detection and embedding vector
128D. The learning is learned by building machine learning algorithms such as support vector machine (SVM) and deep neural
network (DNN). Face recognition is tested with a face image different from the learned figure using the learned model. As a
result of the experiment, the result of learning with DNN rather than SVM showed better prediction rate and recognition rate.
However, when the hidden layer of DNN is increased, the prediction rate increases but the recognition rate decreases. This is
judged as overfitting caused by a small number of objects to be recognized. As a result of learning by adding a clear face image
to the proposed model, it is confirmed that the result of high prediction rate and recognition rate can be obtained. This research
will be able to obtain better recognition and prediction rates through effective deep learning establishment by utilizing more face

image data.
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layer {
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type: "Data"
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include {
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transform param {
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Table 1. SVM and DNN prediction rate

D linear poly rbf DNNI1 DNN2
ilD6 1 45.60% | 32.35% | 42.33% | 62.62% | 99.07%
iID6 2 50.68% | 79.50% | 75.26% | 74.44% | 99.99%
iID6 3 81.24% | 76.23% | 79.43% | 97.96% 100%
iID6 4 5477% | 51.94% | 54.61% | 80.63% | 72.10%
iID6 5 73.45% | 87.41% | 85.77% | 96.30% 100%
iID7 1 44.51% | 54.63% | 49.87% | 65.84% | 99.97%
iID7 2 57.68% | 62.10% | 60.18% | 84.50% | 99.98%
iID7 3 68.81% | 77.92% | 76.67% | 93.14% 100%
iID7 4 52.67% | 49.79% | 52.14% | 77.58% 100%
iID7 5 65.26% | 57.83% | 62.06% | 92.98% | 99.99%
average 59.47% | 62.97% | 63.83% | 82.60% | 97.11%

(a) linear
J8 8. olA Aot

Fig. 8. Recognition result
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SVM

Name Linear Poly rbf DNNT | DNN2
DI 100% | 100% | 100% | 100% | 75%
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D4 100% | 100% | 100% | 100% | 100%
D4 100% | 75% | 100% | 100% | 100%
D5 75% | 100% | 100% | 100% | 100%
D6 100% | 100% | 100% | 100% | 100%
D7 100% | 100% | 100% | 100% | 100%
D8 75% | 100% | 100% | 100% | 100%

Mean 9375 | 96.88 | 100.00 | 100.00 | 90.63
Error 2/40 140 | 0/40 | 0/40 | 4/40
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