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Lampiran 1 Dataset primer

Tandan Kelapa Sawit Tidak Tertutup Pelepah
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Gambar Massa | Sampel Gambar Massa

(kg) (kg)

1 10 7 19

2 10 8 11

3 21 9 22,5

4 26,5 10 18

5 14 11 19,5

6 41 12 10
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Gambar Massa | Sampel Gambar Massa
(kg) (kg)
16 20 26
14 36,5 21 29
15 14 22 27,5
16 35,5 23 38
17 23 24 23,5
18 31 25 31
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Gambar Massa | Sampel Gambar Massa

(kg) (kg)
18 26 32
27 26,5 34 35
28 27,5 35 22

29 15,5 36 19,5
30 16 37 24
31 24 38 24
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Gambar Massa | Sampel Gambar Massa

(kg) (kg)

16 39 14,5
33 15,5 40 21
41 18 48 9
42 17,5 49 22

43 13 50 16,5
44 11,5 51 17
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obiwiseq nzwd
Gambar Massa | Sampel Gambar Massa

(kg) (kg)
33,5 52 16,5

46 12 53 21,5

47 19 54 12

55 19 62 33

56 17,5 63 13

57 15 64 11
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Gambar Massa | Sampel Gambar Massa
(kg) (kg)
18 65 21
59 18 66 19
60 15,5 67 19,5
61 29 68 24,5
69 23 76 19
70 18 77 32
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obiwiseq nzwd
Gambar Massa | Sampel Gambar Massa

(kg) (kg)
23,5 78 32

72 30 79 20

73 32,5 80 37

74 25 81 48

75 39 82 42

83 37,5 90 24,5
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Gambar Massa | Sampel Gambar Massa

(kg) (kg)

30 91 26,5
85 50,5 92 30
86 39 93 23
87 25 94 26

88 29 95 31,5

89 29 96 23,5
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obiwiseq nzwd
Gambar Massa | Sampel Gambar Massa
(kg) (kg)
22 99 32
98 36 100 26,5
Tandan Kelapa Sawit Tertutup Pelepah
Sampel Gambar Massa | Sampel Gambar Massa
(kg) (kg)
1 10 5 14
2 10 6 10
3 21 7 41
4 26,5 8 19
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21 Gambar Massa | Sampel Gambar Massa

(kg) (kg)

11 15 36,5
10 22,5 16 14

11 18 17 35,5
12 19,5 18 23
13 10 19 31
14 16 20 18
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Gambar Massa | Sampel Gambar Massa

(kg) (kg)
26 27 32

22 29 28 26,5

23 27,5 29 27,5

24 38 30 15,5
25 23,5 31 16
26 31 32 24
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Gambar Massa | Sampel Gambar Massa

(kg) (kg)
16 39 24

34 15,5 40 14,5
35 35 41 21
36 22 42 18

37 19,5 43 17,5
38 24 44 13
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Gambar Massa | Sampel Gambar Massa
(kg) (kg)
11,5 51 16,5
46 33,5 52 17
47 12 53 16,5
48 19 54 21,5
49 9 55 12
50 22 56 19
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Gambar Massa | Sampel Gambar Massa
(kg) (kg)
17,5 63 33
58 15 64 13
59 18 65 11
60 18 66 21
61 15,5 67 19
62 29 68 19,5
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Gambar Massa | Sampel Gambar Massa
(kg) (kg)
24,5 75 39
70 23 76 19
71 23,5 77 32
72 30 78 32
73 32,5 79 20
74 25 80 37
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Gambar Massa | Sampel Gambar Massa
(kg) (kg)
48 87 25
82 42 88 29
83 37,5 89 29
84 30 90 24,5
85 50,5 91 26,5
86 39 92 30
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Gambar Massa | Sampel Gambar Massa
(kg) (kg)
23 97 22
94 26 98 36
95 23,5 99 32
96 31,5 100 26,5

Dataset citra setelah /abeling dapat dilihat pada link berikut:
https://s.unhas.ac.id/AIMPDatasetSawit
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https://s.unhas.ac.id/DatasetFiturTBS Sawit

1.TBS Kelapa Sawit Tertutup Pelepah
a. YOLOv8Nano-Segmentation

Nano-Training

Dataset ekstraksi fitur dapat dilihat pada link berikut:

Lampiran 2 Hasil ekstraksi fitur dari YOLOvS-Segmentation

109

Sampel Sumbu Sumbu - Eksentri
. Luas Keliling . Massa
mayor minor -sitas
1 192.8775 171.1181 25921.95 572.274 0.461413 9
2 202.8857 185.7961 29605.88 610.8351 0.401709 10
3 217.5558 87.0263 14870 500.6616 0.916507 11
4 263.7142 241.0947 49935.7 793.3501 0.405202 42
5 245.3932 198.2835 38215.45 698.8915 0.58915 48
13235 280.3008 225.1272 49561.22 796.2912 0.59576 50.5
Nano-Testing
Sampel Sumbu Sumbu - Eksentri
P . Luas Keliling . Massa
mayor minor -sitas
1 193.7717 121.5642 18500.6 501.8429 0.778731 23
2 218.7333 148.152 25451.44 581.6468 0.735691 23.5
3 275.5677 235.6521 51002.27 804.2465 0.518378 24
4 194.2891 40.19053 6132.846 409.2252 0.978371 31.5
5 306.4747 177.2818 42672.56 773.493 0.815714 36
1617 334.234 262.432 68890.17 940.637 0.619275 39
b. YOLOv8Small-Segmentation
Small-Training
Sampel Sumbu Sumbu - Eksentri
P . Luas Keliling . Massa
mayor minor -sitas
1 191.7956 162.149 24425.46 556.9505 0.534092 9
2 205.571 159.9667 25827.44 576.4217 0.628068 10
3 212.9101 84.36022 14106.65 489.0424 0.918154 11
4 264.561 245.1447 50937.58 800.9344 0.376026 42
5 243.0324 199.7995 38137.16 697.2571 0.569328 48
13235 281.7863 223.6349 49493.63 796.5434 0.608397 50.5




MMM PS [6Z}0°COL
[L19] AGLZIOL
obiwissq n2wd

Small-Testing
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Sampel Sumbu Sumbu - Eksentri
. Luas Keliling . Massa
mayor minor -sitas
1 201.5209 122.58 19401.24 516.6753 0.793727 23
2 221.323 201.0286 34944.13 663.8113 0.41831 23,5
3 278.8444 229.6513 50294.53 800.6132 0.567197 24
4 245.2707 223.1088 42978.6 736.1407 0.41539 31,5
5 311.0888 166.0604 40573.31 766.916 0.845608 36
1515 304.5993 239.445 57282.84 857.6497 0.618101 39
c. YOLOv8Medium-Segmentation
Medium-Training
Sampel Sumbu Sumbu . Eksentri
P . Luas Keliling . Massa
mayor minor -sitas
1 192.4704 168.253 25434.11 567.2616 0.485609 9
2 202.3829 158.6579 25218.86 569.203 0.620825 10
3 217.2962 83.17146 14194.38 495.7853 0.923849 11
4 265.438 244.6597 51005.32 801.5921 0.387854 42
5 243.8836 196.3987 37619.33 693.6064 0.592871 48
13235 282.0731 222.4226 49275.44 795.2321 0.614998 50.5
Medium-Testing
Sampel Sumbu Sumbu - Eksentri
P . Luas Keliling . Massa
mayor minor -sitas
1 195.7298 123.7554 19024.4 508.234 0.774742 23
2 231.503 165.2994 30055.07 627.6409 0.700118 23.5
3 286.4147 235.9898 53085.81 822.5036 0.566671 24
4 237.7271 219.0614 40901.05 717.8213 0.388419 31.5
5 311.2557 149.3477 36509.49 746.039 0.877365 36
1326 299.7211 240.7283 56667.56 851.4667 0.595744 39
d. YOLOv8Large-Segmentation
Large-Training
Sampel Sumbu Sumbu - Eksentri
P . Luas Keliling . Massa
mayor minor -sitas




MMM PS [6Z}0°COL
[L19] AGLZIOL
obiwissq n2wd

111

1 192.0311 162.3904 24491.85 557.6978 0.533743 9
2 202.7598 161.4137 25704.68 573.8873 0.605187 10
3 214.9862 85.19881 14385.8 493.8293 0.918122 11
4 262.6601 241.905 49903.25 792.9043 0.389607 42
> 243.1189 200.7412 38330.55 698.8035 0.564122 48
13235 280.1534 221.1359 48656.97 790.1543 0.613958 50.5
Large-Testing
Sampel Sumbu Sumbu - Eksentri
P . Luas Keliling . Massa
mayor minor -sitas
1 195.7434 133.6249 20543.03 521.9815 0.730742 23
2 248.6175 173.3294 33844.95 668.0786 0.716903 23.5
3 303.6955 231.7632 55280.58 844.8955 0.646229 24
4 240.8584 222.0907 42012.84 727.4975 0.386999 31.5
5 298.7409 157.3463 36918.26 733.7386 0.850052 36
1296 311.0169 156.3423 38190.06 754.368 0.864472 39
e. YOLOv8XtraLarge-Segmentation
XtraLarge-Training
Sampel Sumbu Sumbu - Eksentri
P . Luas Keliling . Massa
mayor minor -sitas
1 189.6025 165.2682 24610.65 558.0849 0.490118 9
2 205.5957 161.361 26055.68 578.51 0.619691 10
3 215.6797 82.56676 13986.35 492.1129 0.923822 11
4 263.5559 242.5979 50216.88 795.4054 0.39079 42
> 243.6769 198.4956 37988.76 696.3771 0.580044 48
13235 280.8928 227.3647 50159.53 800.5843 0.587208 50.5
XtraLarge-Testing
Sampel Sumbu Sumbu . Eksentri
P . Luas Keliling . Massa
mayor minor -sitas
1 198.4513 125.0312 19487.78 514.6903 0.776567 23
2 240.9984 158.0852 29922.31 633.6619 0.754796 23.5
3 328.4212 269.929 69625.87 942.1331 0.569634 24
4 244.1005 224.6505 43069.11 736.6293 0.391167 31.5
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> 302.9063 153.7851 36585.8 736.6197 0.861535 36
1408 334.9272 161.2559 42418.56 803.4594 0.876465 39
2.TBS Kelapa Sawit Tidak Tertutup Pelepah
a. YOLOv8Nano-Segmentation
Nano-Training
Sampel Sumbu Sumbu o Eksentri
P . Luas Keliling . Massa
mayor minor -sitas
1 199.7445 192.2501 30159.99 615.7999 0.271353 9
2 205.9286 189.8299 30702.32 621.9132 0.38761 10
3 227.2654 174.2438 31101.44 633.4417 0.642009 11
4 306.3082 241.5037 58099.5 863.5141 0.61512 42
5 283.2404 193.818 43116.09 755.9586 0.729212 48
16937 322.617 232.3482 58873.05 877.5129 0.693768 50.5
Nano-Testing
Sampel Sumbu Sumbu . Eksentri
P . Luas Keliling . Massa
mayor minor -sitas
1 229.2192 216.8155 39032.92 700.765 0.324496 23
2 256.2993 229.1524 46127.69 763.142 0.447904 23.5
3 294.6552 235.0573 54397.34 834.7056 0.603006 24
4 276.1119 209.3337 45395.64 766.1477 0.652082 315
5 315.7807 245.9839 61007.35 885.8265 0.62706 36
3210 304.4875 242.7683 58056.57 862.3631 0.603581 39
b. YOLOv8Small-Segmentation
Small-Training
Sampel Sumbu Sumbu - Eksentri
P . Luas Keliling . Massa
mayor minor -sitas
1 197.8628 191.7544 29798.84 612.0469 0.246559 9
2 205.2596 188.7633 30430.63 619.201 0.392781 10
3 224.7744 174.0713 30730.1 629.0392 0.632664 11
4 312.7623 234.4333 57586.88 863.9416 0.66194 42
5 286.0511 194.9401 43796.01 762.3318 0.73183 48
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16937 323.3437 233.382 59268.18 880.2206 0.692126 50.5
Small-Testing
Sampel Sumbu Sumbu - Eksentri
P . Luas Keliling . Massa
mayor minor -sitas
1 233.5906 215.7739 39586.23 706.1375 0.383051 23
2 248.7524 227.1179 44371.95 747.8816 0.407897 23.5
3 293.0603 236.412 54414.71 834.0749 0.59096 24
4 272.8669 206.6222 44281.03 756.778 0.653152 31.5
5 316.8376 251.1374 62493.96 895.1601 0.609693 36
3210 315.1707 245.8401 60853.89 884.6015 0.625752 39
c. YOLOv8Medium-Segmentation
Medium-Training
Sampel Sumbu Sumbu r Eksentri
P . Luas Keliling . Massa
mayor minor -sitas
1 198.7686 192.1149 29991.52 614.0427 0.256571 9
2 207.2467 189.239 30802.66 623.1195 0.407714 10
3 224.8615 178.4653 31518.01 635.6419 0.608352 11
4 302.4423 246.0795 58453.14 863.8918 0.581367 42
5 277.9487 198.7896 43395.84 754.0292 0.698917 48
16674 322.27 229.23 58020.46 872.4691 0.702891 50.5
Medium-Testing
Sampel Sumbu Sumbu - Eksentri
P . Luas Keliling . Massa
mayor minor -sitas
1 233.6248 218.909 40167.27 711.0263 0.3493 23
2 245.9794 225.5037 43565.45 740.9531 0.399442 23.5
3 292.0413 236.7271 54297.79 832.8614 0.585608 24
4 262.1762 215.3952 44352.61 751.968 0.570112 31.5
5 318.4977 247.266 61852.98 892.225 0.630301 36
3210 319.2855 243.0378 60945.67 887.36 0.648526 39
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d. YOLOv8Large-Segmentation

Large-Training
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Sampel Sumbu Sumbu - Eksentri
. Luas Keliling . Massa
mayor minor -sitas
1 197.9329 191.0107 29693.79 610.9996 0.262148 9
2 207.9135 191.8262 31324.23 628.1639 0.385698 10
3 217.8842 179.6005 30734.28 625.8163 0.566163 11
4 311.2319 244.9917 59886.02 876.8146 0.616739 42
5 283.5972 199.6351 44466.06 764.7992 0.710261 48
16937 322.5447 235.5416 59668.82 881.9744 0.683169 50.5
Large-Testing
Sampel Sumbu Sumbu . Eksentri
P . Luas Keliling . Massa
mayor minor -sitas
1 227.6802 219.2207 39200.95 702.0531 0.270056 23
2 247.6892 219.7522 42749.43 734.9112 0.461367 23.5
3 290.8285 236.5859 54040.05 830.6528 0.58158 24
4 265.8011 211.9769 44252.24 752.8751 0.603316 31.5
5 317.982 251.0156 62689.27 896.8771 0.613877 36
3210 323.2835 244.8164 62160.43 896.6305 0.653089 39
e. YOLOv8XtraLarge-Segmentation
XtraLarge-Training
Sampel Sumbu Sumbu - Eksentri
P . Luas Keliling . Massa
mayor minor -sitas
1 198.1201 189.8234 29537.13 609.45 0.286357 9
2 205.4524 190.1393 30681.25 621.6268 0.378829 10
3 220.106 177.5632 30695.5 626.4459 0.590938 11
4 309.6462 250.42 60901.04 882.2112 0.588181 42
> 282.6401 198.5055 44065.24 761.5702 0.711855 48
16937 321.2222 229.756 57964.52 871.4476 0.698863 50.5
Xtralarge-Testing
Sampel Sumbu Sumbu - Eksentri
P . Luas Keliling s.e Massa
mayor minor -sitas
1 225.9736 212.4614 37707.49 688.8556 0.340611 23
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2 246.4116 232.8128 45056.56  752.9156 0.327611 235
3 291.433 233.4709 53439.38 827.0325 0.598512 24
4 264.2661 213.4765 44307.91 752.5581 0.589444 315
5 320.7882 250.8287 63195.39  901.2592 0.623387 36
3210 313.8651 242.7934 59850.79 877.9643 0.633723 39
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Lampiran 3 Source code training dan testing model segmentasi

from IPython.display import Image

!git clone https://github.com/MuhammadMoin97/ultralytics.git
'pip install -e .'[dev]'

"tk *Dataset 70:15:15%x""
import os
os.makedirs ("segment 701515", exist ok=True)

'pip install roboflow

from roboflow import Roboflow

rf = Roboflow(api key="PnxYRGVMFlknrx7kOsJs")

project = rf.workspace ("fruittesting") .project ("tbs-segmentation-
pvlvt")

version = project.version (6)

dataset = version.download("yolov8")

HOME = "/content/ultralytics/ultralytics/yolo/v8/segment"
dataset.location

"M"U#4Training"""

'python train.py model=yolov8-seg.pt
data={dataset.location}/data.yaml epochs=50

!'1s /content/ultralytics/runs/segment/train

'python val.py
model="'/content/ultralytics/runs/segment/train/weights/best.pt'
data={dataset.location}/data.yaml

Image ("/content/ultralytics/runs/segment/train/val batchO pred.jpg
")

Image ("/content/ultralytics/runs/segment/train/confusion matrix.pn
g")

Image ("/content/ultralytics/runs/segment/train/results.png")

"t dTesting"""”

'python predict.py
model="'/content/ultralytics/runs/segment/train/weights/best.pt'
source="/content/ultralytics/ultralytics/yolo/v8/segment/segment 7
02010/TBS-Segmentation-2/test/images"
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Lampiran 4 Source code training dan testing model estimasi massa

Training Random Forest Regression:

from sklearn.metrics import mean squared error,
mean absolute percentage error, mean absolute error
import pandas as pd

import numpy as np

from sklearn.ensemble import RandomForestRegressor

data training = pd.read csv("Data training.csv", header=0)
data testing = pd.read csv("Data testing.csv", header=0)

# Menghapus kolom yang tidak diperlukan (a dan b)

data training = data training[['Luas area', 'Minor axis',
'Keliling', 'Massa'l]]

data testing = data testing[['Luas area', 'Minor axis',
'Keliling', 'Massa'l]]

data testing.head()

# Asumsi variasi jarak dalam rentang #0.2 meter
estimated distance = 2.0

variation range = 0.2

lower bound = estimated distance - variation range
upper bound = estimated distance + variation range

# Augmentasi data dengan faktor skala dalam rentang variasi
augmented features = data training.copy ()
np.random.seed (42) # Untuk hasil yang bisa direproduksi
for i in range(len(data_ training)):

random_scale factor = np.random.uniform(lower bound /
estimated distance, upper bound / estimated distance)

augmented features.iloc[i, :4] *= random scale factor # Tidak
menerapkan pada Elips dan Massa

augmented features['Massa'] = data training['Massa'] # Menyalin
kolom Massa asli
augmented features.head()

# Memisahkan fitur dan target

X train = augmented features.drop (columns=['Massa'])
y_train = augmented features['Massa']

X test = data_testing.drop(columns=['Massa'])

y_test = data testing['Massa']

# Melatih model Random Forest Regression

model = RandomForestRegressor (bootstrap=True, max depth=5,
max_ features='sqrt', n estimators=20, random state=42)
model.fit (X train, y train)

# Melakukan prediksi
y _pred = model.predict (X test)

# Evaluasi model

rmse = np.sqrt (mean squared error(y test, y pred))
mape = mean_absolute percentage error(y test, y pred)
mae = mean absolute error(y test, y pred)

rmse, mape, mae
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Testing Random Forest Regression:

import cv2

import joblib

from ultralytics import YOLO
import pandas as pd

import math

import numpy as np

# Load the YOLOv8 model and the regression model

model = YOLO ("YOLOv8-Large Augmentasi.pt")

xgb =
"C:\\Users\ijlal\Downloads\\newDataset\XGBoostRegression.joblib"
regresi model = "regresi large normalisasi.joblib"

regression model = joblib.load(regresi model)

# regression model = joblib.load (xgb)

# Set up the video capture

rtmp = "rtmp://192.168.1.2:1935"

videoPath = "D:\cache\Dataset Citra Kelapa Sawit\ALLOFTHEM PART2
(MEI 2024)\SPLIT\\testing\Pohon 86 36kg.MP4"

# videoPath2 "D:\cache\DJI 0707.MP4"

cap = cv2.VideoCapture ('video/Pohon 83 Tandan 159 30kg.MP4'")

cap = cv2.VideoCapture (videoPath)

# Initialize variables

W =23 # cm, actual size

f 1600 # focal length

frame width = int(cap.get (cv2.CAP_PROP_FRAME WIDTH))
frame height = int (cap.get(cv2.CAP_PROP FRAME HEIGHT))
frame rate = int(cap.get(cv2.CAP PROP_FPS))

# Initialize VideoWriter

output filename = 'trial2.mp4'

fourcc = cv2.VideoWriter fourcc (*'mp4v')

out = cv2.VideoWriter (output filename, fourcc, frame rate,
(frame width, frame height))

# Initialize buffers

weight buffer = []

frame count = 0
predicted weight display = None

# Process video frames
while cap.isOpened() :
success, frame = cap.read()
if success:
frame count += 1
results = model (frame)
largest area = 0
largest detection = None
for result in results:
boxes = result.boxes
for mask, box in zip(result.masks.xy, result.boxes):
x1l, yl, x2, y2 = map(int, box.xyxy[0])
area = (x2 - x1) * (y2 - yl)
if area > largest area:
largest area = area
largest detection = box
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points = np.int32 (mask)

if largest detection is not None:

x1l, yl, x2, y2 = map(int, largest detection.xyxyl[0])

w = x2 - x1

h=yvy2 - vyl

Major axis = max(w, h) / 2

Minor axis = min(w, h) / 2

luas = math.pi * Major axis * Minor axis

keliling = 2 * math.pi * math.sqgrt((Major axis**2 +
Minor axis**2) / 2)

d=W=*f) /w

overlay = frame.copy()
cv2.fillPoly(overlay, [points], (0, 255, 0))

# hitung luas segmentasi (px)
mask image = np.all(overlay == (0, 255, 0), axis=-1)
luas_area = np.sum(mask image)

lower color = np.array ([0, 180, 0])

upper color = np.array([100, 255, 100])

mask = cv2.inRange (overlay, lower color, upper color)
# Temukan kontur pada mask

contours, = cv2.findContours (mask,

cvZ2.RETR EXTERNAL, cv2.CHAIN APPROX SIMPLE)

# Hitung keliling kontur terbesar
if contours:
largest contour = max(contours,
key=cv2.contourArea)
perimeter = cv2.arcLength(largest contour, True)
print (f"Keliling area: {perimeter} pixels")

if len(largest contour) >= 5: # fitEllipse
setidaknya butuh 5 points

ellipse = cv2.fitEllipse(largest contour)
(center, axes, orientation) = ellipse
Major axis = max(axes)

Minor axis = min (axes)

a = Major axis / 2

b = Minor axis / 2

luas = math.pi * a * b

keliling = math.pi * (3 * (a + b) -
math.sgrt((3 * a + b) * (a + 3 * b)))

# Hitung eksentrisitas
eccentricity = np.sqrt(l - (b ** 2 / a ** 2))
print (f"Eccentricity: {eccentricity}")

input features = pd.DataFrame ([[luas area, Minor axis,
keliling]], columns=['Luas area', 'Minor axis','Keliling'])
predicted weight =
regression model.predict (input features) [0]
weight buffer.append (predicted weight)

if frame count % 20 == 0: # Update every 20 frames or
at the first frame
avg_weight = sum(weight buffer) /
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len (weight buffer)
predicted weight display = avg_weight
weight buffer = [] # Reset buffer after averaging

if predicted weight display is not None:
label2 = f"{predicted weight display:.2f} kg"
overlay = frame.copy ()
cv2.fillPoly(overlay, [points], (36, 255, 12))
alpha = 0.3
frame = cv2.addWeighted(overlay, alpha, frame, 1 -

cv2.rectangle (frame, (x1, v1), (x2, y2), (0, 255,

cv2.putText (frame, label2, (x1, yl - 10),
cv2.FONT7HERSHEY751MPLEX, 0.9, (36, 255, 12), 2)

out.write (frame)
frame display = cv2.resize(frame, (1280, 720))
cv2.imshow ("Frame", frame display)
if predicted weight display is not None:
print (x1, x2, vyl, y2)
print (f'Luas Area: {luas_areal')
print (f'Luas: {luas:.2f}, Keliling: {keliling:.2f}")
print (f'w: {w}, h: {h}, major: {Major axis}, minor:
{Minor axis}')
print (f"prediksi massa:
{predicted weight display:.2f}")
if cv2.waitKey(l) & OxFF == ord('qg'"):
break
else:
break

# Release resources
cap.release ()
out.release ()
cv2.destroyAllWindows ()
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Lampiran 5 Tampilan program sistem estimasi massa TBS kelapa sawit

i

P Fruiit Bunch Wisgi Essmartion

e e ocumsrg

| Estimasi Berat Tandan : 0 kg
L. :

121

Screenshot halaman awal program

B Configuration

Frame Count Interval: 1

Confidence Threshold: 0.25

? *
¥OLO Model Path: 3aHModel & Codelsegmentasi\TES_Pelepah_Smallpts| Browse
Regression Model A Path: iset Citra Kelapa Sawit'regresi_small_augmentasi.joblib Browse
Regression Model B Path:  Kelapa Sawit\regresi_small_pelepah_augmentasi.joblib Browse

I'__:j
Ok Cancel

Screenshot konfigurasi model segmentasi dan regresi




MMM PI |E2J0°COoL 122
FLI9| AsLZjOU
obrwiseq nzwd

Screenshot hasil estimasi massa TBS kelapa sawit
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Lampiran 6 Dokumentasi akuisisi dataset
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