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Source Code Training YOLOvV3 dengan Framework Darknet

#Command untuk mendownload model pre-train YOLO yang akan
digunakan untuk proses training
!git clone https://github.com/AlexeyAB/darknet

Cloning into 'darknet'...

remote: Enumerating objects: 15502, done.

remote: Total 15502 (delta 0), reused 0 (delta 0), pack-reused 15502
Receiving objects: 100% (15502/15502), 14.17 MiB | 27.44 MiB/s, done.
Resolving deltas: 100% (10403/10403), done.

KodeTeks

#Command untuk mengkases drive folder
scd

from google.colab import drive
drive.mount ('/content/gdrive')

# Command untuk membuat tautan simbolis sehingga sekarang
jalur /content/gdrive/My\Drive/ sama dengan /mydrive
!ln -s /content/gdrive/My\ Drive/ /mydrive

# Command untuk mengecek konten pada folder yolov3
'ls /mydrive/yolov3

Mounted at /content/gdrive

obj.data obj.names obj.zip process.py training
yolov3custom.cfg
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# Command untuk mengubah makefile agar dapat diaktifkan ke GPU

dan OpenCV
# Command untuk mengatur CUDNN, CUDNN HALF dan LIBSO ke 1

%cd /content/darknet/

!sed -i '"s/OPENCV=0/0PENCV=1/' Makefile
lsed -i 's/GPU=0/GPU=1/' Makefile
!sed -i 's/CUDNN=0/CUDNN=1/' Makefile

!sed -i 's/CUDNN HALF=0/CUDNN HALF=1/' Makefile

lsed -i 's/LIBSO=0/LIBSO=1/' Makefile
/content/darknet

# Command untuk membangun darknet

'make

mkdir -p ./obj/
mkdir -p backup

chmod +x *.sh

# Command untuk membersihkan folder data dan cfg terlebih
dahulu kecuali folder label di data yang diperlukan

%cd data/

!find -maxdepth 1 -type f -exec rm -rf {} \;

%cd

$rm -rf cfg/
smkdir cfg

/content/darknet/data
/content/darknet

#Command untuk menyaalin file zip dataset ke folder root

darknet

lcp /mydrive/yolov3/obj.zip

# Command untuk meng unzip kumpulan dataset dan isinya
sehingga sekarang berada di folder /darknet/data/
../obj.zip -d data/

'unzip

Archive:

inflating:
inflating:
inflating:
inflating:
inflating:
inflating:
inflating:
inflating:
inflating:
inflating:
inflating:
extracting:
inflating:

../ob3j.zip
data/obj/DJI_0306.

data/obj/DJI_0306
data/obj/DJI_0307
data/obj/DJI 0307
data/obj/DJI 0308

jpg

.txt
-Jpg
.txt
-Jpg
data/obj/DJI_0308.
data/obj/DJI_0309.
data/obj/DJI_0309.
data/obj/DJI_0310.
data/obj/DJI_0310.
data/obj/DJI_0311.
data/obj/DJI_0311.
data/obj/DJI _0312.

txt
jpg
txt
jpg
txt
jpg
txt
jpg
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# Command untuk menyalin file cfg khusus dari drive ke folder
darknet/cfg
lcp /mydrive/yolov3/yolov3custom.cfg ./cfg

# Command untuk menyalin file obj.names dan obj.data sehingga
sekarang berada di folder /darknet/data/

'cp /mydrive/yolov3/obj.names ./data

lcp /mydrive/yolov3/obj.data ./data

# Perintah untuk menyalin file process.py dari drive ke
direktori darknet
lcp /mydrive/yolov3/process.py ./

# Command untuk menjalankan process.py (perintah ini untuk
membuat file train.txt dan test.txt di folder darknet/data
yang telah dibuat)
'python process.py

# Command untuk mengecek daftar isi folder data untuk
memeriksa apakah file train.txt dan test.txt telah dibuat
!1s data/

/content/darknet
labels obj obj.data obj.names test.txt train.txt

# Command untuk men download the yolov3 pre-

trained weights file

lwget https://pjreddie.com/media/files/darknet53.conv.74
--2023-01-06 16:37:05--
https://pjreddie.com/media/files/darknet53.conv.74

Resolving pjreddie.com (pjreddie.com)... 128.208.4.108
Connecting to pjreddie.com

(pjreddie.com) [128.208.4.108|:443... connected.

HTTP request sent, awaiting response... 200 OK

Length: 162482580 (155M) [application/octet-stream]

Saving to: ‘darknetb3.conv.74’

darknet53.conv.74 100% [================= ==>] 154.90cM

16.9MB/s in 10s

2023-01-06 16:37:16 (15.4 MB/s) - ‘darknetb3.conv.74’ saved
[162482580/162482580]

# Command untuk melakukan training menggunakan file
konfigurasi snailtrails.cfg
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https://pjreddie.com/media/files/darknet53.conv.74

# %$%capture

!'./darknet detector train data/obj.data cfg/yolov3custom.cfg d
arknet53.conv.74 -dont show -map

# define helper function imShow
def imShow (path) :
import cv2
import matplotlib.pyplot as plt
Smatplotlib inline

image = cv2.imread (path)
height, width = image.shape[:2]
resized image = cv2.resize (image, (3*width, 3*height), interp

olation = cv2.INTER CUBIC)

fig = plt.gcf ()

fig.set size inches (18, 10)

plt.axis ("off")

plt.imshow (cv2.cvtColor (resized image, cv2.COLOR BGR2ZRGB))
#plt.show ('")

Source Code Testing Snail Trails dengan YOLOV3

# Command untuk melakukan training

!'./darknet detector test data/obj.data cfg/yolov3custom.cfg /m
ydrive/yolov3/training/yolov3custom best.weights /mydrive/imag
es/DJI _0265.jpg -thresh 0.3

imShow ('predictions.jpg")

CUDA-version: 11020 (11020), cuDNN: 8.1.1, CUDNN HALF=1, GPU
count: 1

CUDNN_ HALF=1

OpenCV version: 3.2.0

0 : compute capability = 750, cudnn half = 1, GPU: Tesla T4
net.optimized memory = O
mini batch = 1, batch = 1, time steps = 1, train = 0

layer filters size/strd(dil) input
output

83



0 Create CUDA-stream - 0
Create cudnn-handle 0

conv 32 3 x 3/ 1 416 x 416 x 3 -> 416 x 416 X
32 0.299 BF

1 conv 64 3 x 3/ 2 416 x 416 x 32 -> 208 x
208 x 64 1.595 BF

2 conv 32 1 x 1/ 1 208 x 208 x 64 -> 208 x
208 x 32 0.177 BF

3 conv 64 3 x 3/ 1 208 x 208 x 32 -> 208 x

208 x 64 1.595 BF
4 Shortcut Layer: 1, wt = 0, wn = 0, outputs: 208 x 208 x
64 0.003 BF

5 conv 128 3 x 3/ 2 208 x 208 x 64 -> 104 x
104 x 128 1.595 BF

6 conv 04 1 x 1/ 1 104 x 104 x 128 -> 104 x
104 x 64 0.177 BF

7 conv 128 3 x 3/ 1 104 x 104 x 64 -> 104 x

104 x 128 1.595 BF
8 Shortcut Layer: 5, wt = 0, wn = 0, outputs: 104 x 104 x
128 0.001 BF

9 conv 64 1 x1/ 1 104 x 104 x 128 -> 104 x
104 x 64 0.177 BF
10 conv 128 3 x 3/ 1 104 x 104 x 64 -> 104 x

104 x 128 1.595 BF
11 Shortcut Layer: 8, wt = 0, wn = 0, outputs: 104 x 104 x
128 0.001 BF

12 conv 256 3 x 3/ 2 104 x 104 x 128 -> 52 x
52 x 256 1.595 BF

13 conv 128 1 x 1/ 1 52 x 52 x 256 —> 52 x
52 x 128 0.177 BF

14 conv 256 3 x 3/ 1 52 x 52 x 128 -> 52 x

52 x 256 1.595 BF

15 Shortcut Layer: 12, wt = 0, wn = 0, outputs: 52 x 52
256 0.001 BF

16 conv 128 1 x1/ 1 52 x 52 x 256 -> 52 x
52 x 128 0.177 BF

17 conv 256 3 x 3/ 1 52 x 52 x 128 -> 52 x

52 x 256 1.595 BF
18 Shortcut Layer: 15, wt = 0, wn = 0, outputs: 52 x 52
256 0.001 BF

19 conv 128 1 x 1/ 1 52 x 52 x 256 -> 52 x
52 x 128 0.177 BF
20 conv 256 3 x 3/ 1 52 x 52 x 128 -> 52 x

52 x 256 1.595 BF
21 Shortcut Layer: 18, wt = 0, wn = 0, outputs: 52 x 52
256 0.001 BF

22 conv 128 1 x1/ 1 52 x 52 x 256 -> 52 x
52 x 128 0.177 BF
23 conv 256 3 x 3/ 1 52 x 52 x 128 —> 52 x

52 x 256 1.595 BF

24 Shortcut Layer: 21, wt
256 0.001 BF

25 conv 128 1 x1/ 1 52 x 52 x 256 -> 52 x
52 x 128 0.177 BF

Il
o
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wn = 0, outputs: 52 x 52



26 conv 256 3 x 3/ 1 52 x 52 x 128 -> 52 x
52 x 256 1.595 BF

27 Shortcut Layer: 24, wt = 0, wn = 0, outputs: 52 x 52
256 0.001 BF

28 conv 128 1 x1/ 1 52 x 52 x 256 -> 52 x
52 x 128 0.177 BF
29 conv 256 3 x 3/ 1 52 x 52 x 128 -> 52 x

52 x 256 1.595 BF

30 Shortcut Layer: 27, wt = 0, wn = 0, outputs: 52 x 52
256 0.001 BF

31 conv 128 1 x 1/ 1 52 x 52 x 256 -> 52 x
52 x 128 0.177 BF

32 conv 256 3 x 3/ 1 52 x 52 x 128 -> 52 x
52 x 256 1.595 BF

33 Shortcut Layer: 30, wt = 0, wn = 0, outputs: 52 x 52
256 0.001 BF

34 conv 128 1 x1/ 1 52 x 52 x 256 -> 52 x
52 x 128 0.177 BF

35 conv 256 3 x 3/ 1 52 x 52 x 128 -> 52 x
52 x 256 1.595 BF

36 Shortcut Layer: 33, wt = 0, wn = 0, outputs: 52 x 52
256 0.001 BF

37 conv 512 3 x 3/ 2 52 x 52 x 256 -> 26 x
26 x 512 1.595 BF

38 conv 256 1 x1/ 1 26 x 26 x 512 -> 26 x
26 x 256 0.177 BF

39 conv 512 3 x 3/ 1 26 x 26 x 256 -> 26 x
26 x 512 1.595 BF

40 Shortcut Layer: 37, wt = 0, wn = 0, outputs: 26 x 26
512 0.000 BF

41 conv 256 1 x 1/ 1 260 X 26 x 512 -> 26 X
26 x 256 0.177 BF

42 conv 512 3 x 3/ 1 26 x 26 x 256 -> 26 x

26 x 512 1.595 BF
43 Shortcut Layer: 40, wt = 0, wn = 0, outputs: 26 x 26
512 0.000 BF

44 conv 256 1 x1/ 1 26 x 26 x 512 -> 26 x
26 x 256 0.177 BF
45 conv 512 3 x 3/ 1 26 x 26 x 256 -> 26 x

26 x 512 1.595 BF
46 Shortcut Layer: 43, wt = 0, wn = 0, outputs: 26 x 26
512 0.000 BF

47 conv 256 1 x 1/ 1 26 x 26 x 512 -> 26 x
26 x 256 0.177 BF
48 conv 512 3 x 3/ 1 26 x 26 x 256 -> 26 x

26 x 512 1.595 BF

49 Shortcut Layer: 46, wt = 0, wn = 0, outputs: 26 x 26
512 0.000 BF

50 conv 256 1 x 1/ 1 26 X 26 x 512 —> 26 x
26 x 256 0.177 BF

51 conv 512 3 x 3/ 1 26 x 26 x 256 -> 26 x
26 x 512 1.595 BF

52 Shortcut Layer: 49, wt = 0, wn = 0, outputs: 26 x 26

512 0.000 BF



53
26 x

54
26 x

55
512 0.000 BF

56 conv 256
26 x 256 0.177 BF

57 conv 512
26 x 512 1.595 BF

58
512 0.000 BF

59 conv 256
26 x 256 0.177 BF

60 conv 512
26 x 512 1.595 BF

61
512 0.000 BF

62 conv 1024
13 x1024 1.595 BF

63 conv 512
13 x 512 0.177 BF

64 conv 1024
13 x1024 1.595 BF

conv 256
256 0.177 BF
conv 512
512 1.595 BF

65 Shortcut Layer:

%1024 0.000 BF
66 conv 512
13 x 512 0.177 BF
67 conv 1024
13 x1024 1.595 BF

68 Shortcut Layer:

x1024 0.000 BF

69 conv 512
13 x 512 0.177 BF
70 conv 1024

13 x1024 1.595 BF

71 Shortcut Layer:

%1024 0.000 BF

72 conv 512
13 x 512 0.177 BF
73 conv 1024

13 x1024 1.595 BF

74 Shortcut Layer:

%1024 0.000 BF

75 conv 512
13 x 512 0.177 BF
76 conv 1024
13 x1024 1.595 BF
77 conv 512
13 x 512 0.177 BF
78 conv 1024
13 x1024 1.595 BF
79 conv 512

13 x 512 0.177 BF

Shortcut Layer:

Shortcut Layer:

Shortcut Layer:

1 x1/ 1
3 x 3/ 1
52,
1 x 1/ 1
3 x 3/ 1

55, wt

Il
o
~

1 x 1/ 1
3 x 3/ 1

58, wt

Il
(@
~

3 x 3/ 2
1 x 1/ 1
3 x 3/ 1

62, wt

Il
(@
~

1 x1/ 1
3 x 3/ 1

65, wt

Il
o
~

1 x 1/ 1

3 x 3/ 1

1 x 1/ 1

3 x 3/ 1

1/ 1
3/ 1
1/ 1

3/ 1

26

26

wn =

26

26

wn =

26

26

wn =

26

13

13

13

13

wn =

13

13

13

13

wn =

13

13

13

13

13

26 x 512
26 x 256
outputs:
26 x 512
26 x 256
outputs:
26 x 512
26 x 256
outputs:
26 x 512
13 x1024
13 x 512
outputs:
13 x1024
13 x 512
outputs:
13 x1024
13 x 512
outputs:
13 x1024
13 x 512
outputs:
13 x1024
13 x 512
13 x1024
13

x 512

13 x1024

->

->

26

->

->

26

26 X

26 X

x 26

26 x

26 x

X 26

26 X

26 X

x 26

13 x

13 x

13 x

x 13

13 x

13 x

x 13

13 x

13 x

x 13

13 x

13 x

x 13

13 x

13 x

13 x

13 x

13 x

X

X

X
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80 conv 1024 3 x 3/ 1 13 x 13 x 512 -> 13 x
13 x1024 1.595 BF

81 conv 21 1 x 1/ 1 13 x 13 x1024 -—> 13 x
13 x 21 0.007 BF
82 yolo

[yolo] params: iou loss: mse (2), iou norm: 0.75, obj norm:
1.00, cls norm: 1.00, delta norm: 1.00, scale x y: 1.00

83 route 79 -> 13 x
X 512

84 conv 256 1 x 1/ 1 13 x 13 x 512 —-> 13 x
13 x 256 0.044 BF

85 upsample 2% 13 x 13 x 256 —> 26 x
26 x 256

86 route 85 61 -> 26 x
x 768

87 conv 256 1 x 1/ 1 26 x 26 x 768 -> 26 x
26 x 256 0.266 BF

88 conv 512 3 x 3/ 1 26 x 26 x 256 -> 26 x
26 x 512 1.595 BF

89 conv 256 1 x 1/ 1 260 X 26 x 512 -> 26 X
26 x 256 0.177 BF

90 conv 512 3 x 3/ 1 26 x 26 x 256 -> 26 x
26 x 512 1.595 BF

91 conv 256 1 x 1/ 1 26 x 26 x 512 -> 26 x
26 x 256 0.177 BF

92 conv 512 3 x 3/ 1 26 x 26 x 256 -> 26 x
26 x 512 1.595 BF

93 conv 21 1 x1/ 1 26 X 26 x 512 -—> 26 X
26 x 21 0.015 BF

94 yolo

[yolo] params: iou loss: mse (2), iou norm: 0.75, obj norm:
1.00, cls norm: 1.00, delta norm: 1.00, scale x y: 1.00

95 route 91 -> 26 x
x 256
96 conv 128 1 x 1/ 1 26 x 26 x 256 -> 26 x
26 x 128 0.044 BF
97 upsample 2% 26 x 26 x 128 -> 52 x
52 x 128
98 route 97 36 -> 52 x
x 384
99 conv 128 1 x1/ 1 52 x 52 x 384 -—> 52 x
52 x 128 0.266 BF
100 conv 256 3 x 3/ 1 52 x 52 x 128 -> 52 x
52 x 256 1.595 BF
101 conv 128 1 x1/ 1 52 x 52 x 256 -> 52 x
52 x 128 0.177 BF
102 conv 256 3 x 3/ 1 52 x 52 x 128 -> 52 x
52 x 256 1.595 BF
103 conv 128 1 x1/ 1 52 x 52 x 256 —-> 52 x
52 x 128 0.177 BF
104 conv 256 3 x 3/ 1 52 x 52 x 128 —> 52 x
52 x 256 1.595 BF
105 conv 21 1 x 1/ 1 52 x 52 x 256 -> 52 x

52 x 21 0.029 BF

13

26

26

52
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106 yolo

[yolo] params: iou loss: mse (2), iou norm: 0.75, obj norm:

1.00, cls norm: 1.00, delta norm: 1.00, scale x y: 1.00
Total BFLOPS 65.312
avg_outputs = 516922

Allocate additional workspace size = 52.44 MB
Loading weights from
/mydrive/yolov3/training/yolov3custom best.weights...
seen 64, trained: 147 K-images (2 Kilo-batches 64)
Done! Loaded 107 layers from weights-file

Detection layer: 82 - type = 28

Detection layer: 94 - type = 28

Detection layer: 106 - type = 28

/mydrive/images/DJI_0265.jpg: Predicted in 30.393000 milli-

seconds.
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