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ABSTRAK

Nama :  Daniel Alexander
Program Studi : Informatika
Judul :  Penerapan Convolutional Neural Network untuk Segmentasi

Semantik Citra Perkotaan

Segmentasi semantik adalah proses mengklasifikasikan setiap pixel pada
citra ke dalam salah satu class. Dalam aplikasinya pada sistem swakemudi,
segmentasi semantik citra perkotaan dilakukan untuk mengenali objek dan kondisi
jalan guna mengambil keputusan kendali yang tepat. Pada penelitian ini,
digunakan metode convolutional neural network dengan arsitektur DeepLabV3+
untuk melakukan segmentasi semantik. Objek penelitian adalah dataset citra
perkotaan Bandung Cityscapes yang dikumpulkan di daerah Kota Bandung, Jawa
Barat, Indonesia dan diberi anotasi secara manual. Pengujian arsitektur dilakukan
dengan mengkombinasikan nilai epoch, learning rate, dan jumlah filter konvolusi
untuk mencari nilai akurasi mean intersection over union yang terbaik. Model
paling optimal mencapai akurasi rata-rata tertinggi sebesar 77.431% dan rata-rata
waktu prediksi 74.890 ms pada dataset validasi, dicapai oleh model dengan 128
filter konvolusi, dilatih dengan 300 epoch dan learning rate 0.0001 (10%). Model
tersebut mempertahankan rata-rata akurasi pelatihan sebesar 87.194%, rata-rata
akurasi validasi sebesar 75.274%, dan rata-rata perbedaan antara keduanya sebesar

11.919% selama proses pelatihan.

Kata kunci: computer vision, segmentasi semantik, convolutional neural network.
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ABSTRACT

Name :  Daniel Alexander
Department . Informatics
Title . Application of Convolutional Neural Network for Semantic

Segmentation of Urban Images

Semantic segmentation is the process of classifying each pixel in an image
into one of the predesignated classes. In its application for self-driving systems,
semantic segmentation is used to identify objects and road conditions to make the
right control decisions. This work uses the convolutional neural network method to
perform semantic segmentation with the DeepLabV3+ architecture. Object of
study is the urban scene dataset called Bandung Cityscapes collected around the
city of Bandung, West Java, Indonesia and annotated by hand. Architecture testing
is performed by combining the values of epoch, learning rate, and number of
convolution filters to find the best mean intersection over union accuracy. The most
optimal model achieved the highest average accuracy of 77.431% and an average
prediction time of 74.890 ms on the validation set, attained by the model with 128
convolutional filters, trained with 300 epochs and 0.0001 (10#) learning rate. This
model maintained an average training accuracy of 87.194%, average validation
accuracy of 75.274%, and average difference between the two of 11.919%

throughout the training process.

Keywords: computer vision, semantic segmentation, convolutional neural network
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