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Abstract As pet dogs rapidly increase in number, abandoned and lost dogs are also increasing in number.
In Korea, animal registration has been in force since 2014, but the registration rate is not high owing
to safety and effectiveness issues. Biometrics is attracting attention as an alternative. In order to increase
the recognition rate from biometrics, it is necessary to collect biometric images in the same form as
much as possible-from the face. This paper proposes a method to determine whether a dog is facing
front or not in a real-time video. The proposed method detects the dog's eyes and nose using deep
learning, and extracts five types of directional face information through the relative size and position
of the detected face. Then, a machine learning classifier determines whether the dog is facing front or
not. We used 2,000 dog images for learning, verification, and testing. YOLOv3 and YOLOv4 were used
to detect the eyes and nose, and Multi-layer Perceptron (MLP), Random Forest (RF), and the Support
Vector Machine (SVM) were used as classifiers. When YOLOv4 and the RF classifier were used with all
five types of the proposed face orientation information, the face recognition rate was best, at 95.25%,
and we found that real-time processing is possible.
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Fig. 1. Block diagram of proposed method.
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Table 1. Overview of dog data set

Data Set Front Not Front total
Maltese 201 61 262
Poodle 181 87 268
Shitzu 229 59 288
Training
Yorkshire 122 120 242
Pomeranian 130 90 220
Sub Total 863 417 1,280
Maltese 50 16 66
Poodle 45 22 67
Shitzu 58 15 73
Validation
Yorkshire 30 30 60
Pomeranian 32 22 54
Sub Total 215 105 320
Maltese 63 19 82
Poodle 56 27 83
Shihtzu 72 19 91
Test
Yorkshire 38 38 76
Pomeranian 40 28 68
Sub Total 269 131 400
Total 1,347 653 2,000
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Fig. 2. Structure of object detection[14]
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Table 2. Different machine learning(ML) classifiers
with hyper-parameters to be tuned by grid
search

Classifiers Hyper-parameters

1) Number of hidden layers : 1, 2, 3, 4, 5
2) Number of nodes at a layer : 16, 32, 64
3) Activation : tanh, relu

4) Optimizer : SGD, adam

5) Alpha : 0.0001, 0.001, 0.01, 0.1, 0.9

6) Learning rate : constant, adaptive

1) Number of estimators : 100, 500, 1000
2) Max depth : 5, 8, 15, 25, 30

3) min samples split : 2, 5, 10, 15, 100
4) min samples leaf : 1, 2, 5, 10

1) Kernel : rbf

SVM 2) C : 0.1, 1, 10, 100, 1000
3) Gamma : 1, 0.1, 0.01, 0.001, 0.0001

MLP

RF
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Table 3. Detection performance of dog’s eyes and

nose
Input Size mAP(@IOU=0.50) Detection
Model ) )
(Pixel) Valid Test Time(ms)
608x608 99.76 98.41 6.84
YOLOv4
416x416 99.66 99.30 6.83
608x608 98.85 98.07 5.66
YOLOv3
416x416 99.60 98.59 5.61
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Table 4. Hyper-parameters tuning results for each group of head pose information

Classifier Accuracy(%)
Group of head pose Information
MLP RF SVM
Groupl (A) 97.25 £ 0.011 95.38 + 0.017 96.81 = 0.014
Group2 (A+B) 97.31 £ 0.008 95.56 + 0.015 96.81 + 0.014
Group3 (A+B+C) 97.25 + 0.008 97.13 + 0.010 96.81 + 0.014
Group4 (A+B+C+D) 97.31 £ 0.008 97.25 + 0.007 96.81 = 0.014
Group5 (A+B+C+D+E) 97.38 + 0.009 97.50 + 0.005 97.25 + 0.007

Table 5. Best-tuned hyper-parameters using grid search

ML Group of head pose information
Hyper-parameters
Models Group5 Group4 Group3 Group2 Groupl
1) Number of hidden layers 5 4 5 4 5
2) Number of nodes at a layer 32/32/64/32/32| 16/16/16/32 |32/64/64/64/16| 16/64/32/32 |32/64/16/64/32
MLP 3) Activation tanh tanh tanh tanh tanh
4) Optimizer sed adam adam sgd sgd
5) Alpha 0.0001 0.01 0.01 0.001 0.0001
6) Learning rate adaptive - - adaptive adaptive
1) Number of estimators 100 1000 100 500 500
RF 2) Max depth 25 25 25 25 15
3) min samples split 5 15 20 5 2
4) min samples leaf 1 1 1 1 1
1) Kernel : rbf rbf rbf rbf rbf rbf
SVM 2) C 1000 1000 100 100 100
3) Gamma 0.001 0.001 0.001 0.001 0.001
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Table 6. Recognition of front head with ML classifiers

Detection | Number Accuracy(%) )
method |of Image| MLP RF SVM Winner
Lzlgg‘n‘jgg 400 | 9575 | 9600 | 9725 | svM
YOLOv4 393 94.15 95.17 93.13
(608x608) | 400" | 9425 | 9525 | 93.25 RE
YoLov4 | 39 9470 | 9520 | 9444
@16x410) [ 400 | 0475 | 9525 | o450 |
YOLOV3 386 9352 | 9508 | 9352 o
(608x608) | 400" | 9350 | 95.00 | 93.50

YOLOvV3 392 94.13 95.15 93.88
(416x416) | 400" | 9425 | 9525 | 94.00 RE

* Results including the cases missing at least one eye or nose by
YOLOv3 and YOLOv4
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