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[Abstract]

To enhance the security of ordinary households, a smart window with a privacy protection feature is proposed. The proposed
smart window employs object detection algorithms to detect individuals inside the room. Based on the detection results, a
Raspberry Pi controls the voltage applied to the PDLC film attached to the window, thus adjusting the transparency of the glass
window. The YOLOVS8 algorithm is utilized for real-time object detection. Custom data focusing on facial images are sourced to
train the algorithm. Various sizes of YOLOv8 models are compared based on mAP and detection speed. YOLOv8n, which has
a 845.9% faster detection speed compared to other models, is identified as the most suitable model despite a maximum decrease

of 2.3% in the mAP. The final model is employed to implement a system that controls the film for the smart window.
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YOLOv8n 100 0.889
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Fig. 9. Confusion matrix for multi-class classification
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Fig. 10. Confusion matrix of YOLOv8n
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Table 4. Precision according to the size of model

Model Face Mask Half_mask Average
YOLOv8n 0.6838 0.5890 0.9510 0.7413
YOLOv8s 0.5882 0.6532 0.9510 0.7308
YOLOv8m 0.6566 0.6056 0.9600 0.7407
YOLOv8I 0.6484 0.6232 0.9327 0.7348
YOLOv8x 0.6259 0.6350 0.9510 0.7373

# 5. ZHO| IV|of mE MHHE
Table 5. Recall according to the size of model

Model Face Mask Half_mask Average
YOLOv8n 0.8000 0.8600 0.9700 0.8767
YOLOv8s 0.8000 0.8100 0.9700 0.8600
YOLOv8m 0.8400 0.8600 0.9600 0.8867
YOLOv8I 0.8384 0.8600 0.9700 0.8895
YOLOv8x 0.8700 0.8700 0.9604 0.9001
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Fig. 11. PR curve of YOLOv8n
http://dx.doi.org/10.9728/dcs.2024.25.3.751

758

ZX|(J. DCS) Vol. 25, No. 3, pp. 751-760, Mar. 2024

5-4 29| F7|ot HAIHA| £

AF7HA] ARbeR= Al2='ls FAahr] f1ske] AAEA] o
1259 YOLOV8S e5AIH T ol 93l Algte] Ao
5313 AAEA S S doleAS FAS N el
% 7t A EQ mAPE 7|Fo R ¢ delu]EE WA
B SREAZAA A3k Sl SIS Sopigict o] % o]
SUHE VFoR e 21 do Rl A/PER Sy

A7tk YOLOv8O] S=aaflofs]= MA A o]

oJare ANz

o2, AAE §HEEH B 5 A Fas8 BXEE
£ vasy] ffa) fes 293 Qs AAGAIs #

T PASEE S350,

E 6. 21 Mz
Table 6. Summary of results

Model mAP Speed(ms)
YOLOv8n 0.902 50.1
YOLOv8s 0.911 89.7
YOLOv8m 0.913 197.5
YOLOv8I 0.910 340.3
YOLOv8x 0.923 423.8
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AFE H)A(computer vision) #oFe] taskE ZA o7 uk
Eoixl dloJEjMloltt. L] AMET Q17| o]n]X] ¥yt
ofve}, JIAIE 1213 Hlola AR 2 AHEES 7|4 g
T Bd ggo) A8 ¢ Qe A4S st ok A
ElX](object detection) EoplA] AEH7} BXHow F=E
AHg3l= MS COCO 2017 dHlolE= &< (train) Hlo]E]
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COCO val2017 HlolHAlE 7]Eo = Yeifiglch & 72
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Table 7. Detection of YOLOV8[6]

Speed Speed
Size CPU A100 Params
Model mAP50-95
(pixels) ONNX | TensorRT (M)
(ms) (ms)

YOLOv8n | 640 37.3 80.4 0.99 3.2
YOLOv8s | 640 449 128.4 1.20 28.6
YOLOv8m| 640 50.2 234.7 1.83 78.9
YOLOv8I | 640 52.9 375.2 2.39 165.2
YOLOv8x | 640 53.9 4791 3.53 257.8

F 8. COCO HO[HMoR AM st&El J[Ee| ZYnt HAH
CloleM ez st&E Meksks ZHel mAP H|Wd
Table 8. Comparison of mAP between pre-trained existing
model on COCO dataset and proposed model
trained on custom dataset

Model Provided model Proposed model
YOLOv8n 0.373 0.588
YOLOv8s 0.449 0.597
YOLOv8m 0.502 0.601
YOLOvSI 0.529 0.598
YOLOv8x 0.539 0.612

H 9. COCO HO[EMe R AN BhGE J|&e ZEDf HAH
ClolefM o2 stEE Holsh= ZHo| BAISE H|m
Table 9. Comparison of detection speed between
pre-trained existing model on COCO dataset and
proposed model trained on custom dataset

Model Provided Proposed
Model(ms) Model(ms)
YOLOv8n 80.4 50.1
YOLOv8s 128.4 89.7
YOLOv8m 234.7 197.5
YOLOv8I 375.2 340.3
YOLOv8x 4791 423.8
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