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INTISARI

Dewasa in1, Kecerdasan buatan menjadi perbincangan hangal di internel. Hampir
semua sektor dapat melibatkan kecerdasan buatan. Bahkan banyak perusahaan yang
sedang berlomba-lomba untuk mengembangkan kecerdasan buatan dalam sistem
atau produk mereka. Ataupun misalnya pemenntah yang mengembangkan sistem
tilang elekironik, dimana sistem dapat membaca plat nomor kendaraan pelanggar
lalu lintas secara otomeatis. Dalam pem:iitiuu ini. peneliti akan membahas salah satu
biding dar kecerdasan buatan yaity Computer vision. Penelituan ini akan
membandingkan performa algoritma EfficientNet dan YOLOvE dalam melakukan
klasifikasi kendaragn bermotor. Pﬂmmﬁmdﬂ.um hal ini adalah akurasi,
presisi, recall, dm_ﬁ Ecme, ﬁmm&menﬁnﬁhﬂnus Efficient™et dan
YOLOwE dllnn- mﬁﬂ tugas klasifikasi gambar, anan algoritma
EfficientNet dan Y dalam _pwdlhun ini mumulem kedua
ajm tersebut dalam m vision. Sebagai perbandingan pembedanya,
algoritma  EfficientNet merupakan algortima _- direkomendasikan  olch
fensorflow untuk m lukﬁkin klasifikasi sedangknn YOLOvE men algoritma

dalsm computer vision dan dapat melakukan b w Hasil akhir
Wﬁd'}‘m mhm.llq::'ll;lnh nilai wlld:mp:hu'nﬂ lebih

mb:h baik YOLOvE, Untuk training loss hhhm mﬂ
i loss lebih baik pada EfficientNet. Nilai evalussi prestsi,

-Score secara keseluruhan lehih baik pado EfficieniNet deﬁpﬂ.f&ﬁ:{m
kedumnya rata-ratn diatas 90%. Hasil penelitian tersebut diharapkan dapat
membarikan wawasan berhargn mengenai kelebihan dan kekurangan masing-

mgi{g;ﬂﬂ:ﬁp.mmbmtu para peneliti dan praktisi dalam memilils pendekatan
yang paling sesuai untuk klasifikasi gambar dalam kum otomotif.

m.‘[w-d kecerdasan buatan, klasfikasi, EFﬁucmMME akurasi, presisi,
rec.'!li,-,ﬂem.
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ABSTRACT

Artificial intelligence has become a hot topic on the imternet today. Almost all
sectors can involve artificial intelligence. Many companies are even competing to
develop artificial intelligence in their systems or products. For example, the
governmeni is developing an electronic ticketing system, where the sysltem can
automatically read the license plates of traffic violators. This research will discuss
one of the fields of artificial intelligence. namely computer vision. This stady will
compare the performance of the EfficientNet and YOLOwvE algorithms in
classifying motor vehicles. Performance assessment in this case includes accuracy.
precision, recall, and F1 Score, which mﬂ; to evaluate the effectiveness of
EfficientNet and YOEOS in handling i image elassification tasks, The use of
EfficientNet and YOLOVS algegithms in this research is due to their popularity in
computer vision. As b differentiating 'W‘lmm EfficientNel is an algorithm
recommended by TensorFlow for clssification. while YOLOvS is a popular
algorithm in mmpulﬁwmm of performing classification fasks. The final
results of this study show that EfficientNet has belter validation accuracy, while
YOLOVE has better training accuracy. For training los ?MS performs better,
whereas validation loss is better with EfficieniNet, Overall, the evaluation metrics
of precision. recall. and F1-Score are higher with EfficientNet, with bothalgorithms
averaging above 90% performance, These findings are upﬂdh oV de va
ms# nto the sirengths and weaknesses of each algorithm, |
and | i in selecting the most appropriate approach for image classification
in ﬂiew of automotive applications.

.ﬁl‘mﬁh} intelligence, classification, EfficientNet, YOLOvE, ﬂtum:}r
m-mmﬁﬁm
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