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[Abstract]

Data collection constraints and the Sim2Real gap are primary challenges in developing head pose estimation
systems. This study adopts geometric landmark information, which is robust against visual noise, as a core
feature to bridge this gap. The methodology consists of a two-stage pipeline. First, a large-scale synthetic
dataset is constructed using Unreal Engine and MetaHuman. Second, the YOLOvI11-pose model is trained
as a facial landmark detector using a mixture of synthetic data and the real-world BIWI dataset. The system
then estimates the three-axis angles—Roll, Pitch, and Yaw—in real-time based on the detected landmark
coordinates. In evaluations using the BIWI dataset, the model achieved a low Mean Absolute Error (MAE)
of 1.00° in the near-frontal region. Furthermore, the final system ensured a real-time processing speed of
21.2 FPS in a webcam environment. In conclusion, the integration of synthetic and real data with a

landmark-based approach demonstrates the feasibility of precise, real-time head pose estimation.
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2.3. Data Generation
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2.4. Bridging the Sim2Real
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III. The Proposed Method
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Pipeline of the Proposed Real-time Head Pose
Estimation
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3.1. Data Generation
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3.1.2 Automated Data Generation Pipeline

dolele] o e 9l Qi Amle] 2RnAE
(Blueprint) 8|59 A37HE AARS F8sto] HA A
d WS Akselsiit32]. 2+ &(Roll, Pitch, Yaw)of
gl 21" 21718 3 9] 157) 71% Zeg 4
st melo] £ o] WA sl 2L WAlstuAt 7
T WollA FAY] AEds X85t & 3375719 1
8% 7T £3e w—wc}. o] gL ofxlo}, ofxa
7} 8% 5 77| e A%, 93, o) 24 A of
9 7HE 1280 r‘—HOH Uk d8stod, Hlole S
528150 & 40,500%9] o[n|A] HolEjAe TEtArt.
o] mojmetele} SR T © o|ulx|e}t g, sl
O] QAP} i AU AWEnla A U 35 74 3
(Ground Truth)o] =AJof] AA=EICH= AAUct Fig. 4.
L o] mojxalgle] B2maAE 25 ofn|x|olnt.

J;

Fig. 4. Blueprint structure

3.1.3 Mixed Dataset Configuration
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Fig. 5. Synthetic and BIWI Image Samples

3.2. YOLOv11-based Facial Landmark Detection
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3.3. Head Pose Estimation
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Table 1. 23 Face Landmarks (0-22 Index)
Landmark Snee
Index
0 Nose Tip
1 Point slightly above nose tip
2 Center of nose bridge
3 Right eye inner corner
4 Right eye outer corner
5 Right eye top eyelid center
6 Right eye bottom eyelid center
7 Left eye inner corner
8 Left eye outer corner
9 Left eye top eyelid center
10 Left eye bottom eyelid center
11 Right mouth corner
12 Left mouth corner
13 Upper lip outer center
14 Lower lip outer center
15 Upper lip inner center
16 Lower lip inner center
17 Right eyebrow inner end
18 Right eyebrow center
19 Right eyebrow outer end
20 Left eyebrow inner end
21 Left eyebrow center
22 Left eyebrow outer end

Fig. 6. Locations of the 23 Facial Landmarks

2. Training Setup
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Table 3.7} 72t} &k 38



84  Journal of The Korea Society of Computer and Information

Table 2. Training Hyperparameters of Facial Landmark
Detection Model

Item Setting
Model yolov11n-pose
Input Image Size 640 x 640
Epochs 100
Batch Size 16
Optimizer AdamW
Early Stopping 20 epochs

Table 3. Training Hyperparameters of Head Pose
Estimation

Item Setting
L2 0.00001
Dropout 15%
Epochs 100
Batch Size 32
Optimizer Adam
Early Stopping 20 epochs
Table 4. System Environment
Category Spec
CPU AMD Ryzen 7 5800X 8-Core Processor
RAM 64GB
GPU RTX3090 Turbo Dé6X 24GB
0S Windows 10 Pro

3. Result of Facial Landmark Detection

852 patience=20°0.2 A= Early Stopping 271
off w2t £ 100 Epoch?} obd 43 Epochoj|A} Alg-C.2
SHEQH. o= oF 23 Epoch AFOAM A5 &4
(Validation Loss)o] 2|AA | =235t S 20 Epoch =9t
1452 oMl 7iAdo] o] RofRIA] ekote2 Yjulgttt.
o] 27] F= 7150l wet uAigo] WA £A9] RHio]
55 Az AT 20 o Ziks Fig, 7. 4%
ojE] =R £A)(Validation Pose Loss) & Fig. 8. T+ A
= (mAP50-95) 1S Foll ARl o R EQlstgict.

45 A 2l o B2 33 delEos 9y

A ke APsIAC WYL AL, o A 93EL
100 71%stel BE 25 Holeiol chel 2t gk
AR o] 15eL salstgict. WA £4o] Y
5 UEg+= NME: 0.00839] Qx&g E%oh,
PCK@0.02 K]jioﬂ A 95.19%2] TK]E /oot o]

val/pose_loss

Fig. 7. Validation Pose Loss

metrics/mAP50-95(B)

Fig. 8. Mean Average Precision (mAP50-95)

4. Data Ratio Comparison Experiment
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Table 5. MAE by Mixed Dataset Ratio

Mixing Ratio 5
(Real:Synthetic) suEee FED)

11 1.19

1:2 1.22
1:3 1.22
1:4 1.14
1:5 1.16
1:6 1.14
1:7 1.07
1:8 1.00
1:9 1.10

1:10 1.11
1:11 1.15
1:12 1.16
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5. Result of Head Pose Estimation
5.1 Effectiveness of Hybrid Dataset Training
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Nsos sty Yol % dlojE 1o g
Ablation StudyS 438519t & AS x742 =gt
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St Aut= Table 6.1} 72t}

Table 6. MAE by Training Dataset Configuration
Dataset Value(MAE®)
Synthetic-only (Unreal) 13.23
Real-only (BIWI) 5.80
Proposed Mix 1.00
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5.2 Performance Comparison of Proposed and
Existing Models
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Table 7. Pose Error Summary

Metric Value(MAE®)
Roll 1.04
Pitch 1.18
Yaw 0.78
Overall MAE 1.00

Table 8. Test Results of Head Pose Estimation
Models (BIWI)

Models Average MAE(")
HopeNet[9] 1.17
FSA-Net[10] 1.60
TriNet[11] 1.16

6DRepNet[12] 1.22
Our 1.00
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6. Real-time Inference and Visualization
Sd AS0IR 55 RH(YOLOJ o W 27
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. YOLO 0|2 %2, Keras 715 o4 % A1718) 1)
HA| 2 mo]mefele- 21.2 FPSO| B+t
T2 A=ske sMolstoint W78 JAof|A] QO ulsk
oM Fig. 9= W, Fig. 10.2 9%
o545 HEfEe AE ouAlE Bo&Eth

F. 'YOLO Head Pose Estimation — (] X

Fig. 9. Real-time Pose Estimation (Frontal View)

-
[B1 YOLO Head Pose Estimation - o X

Fig. 10. Real-time Pose Estimation (Left-Facing View)

‘r B! YOLO Head Pose Estimation - (=} X

Fig. 11. Real-time Pose Estimation (Right-Facing View)

V. Conclusions
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