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Problem: Vision: Two-step weed control method

O Senecio jacobaea has spread massively 1. Step 2. Step
: : . « Find candidates « Validate candidates
O Contains hepatotoxic Pyrrolizidine : ..
Alkaloids (PAs) Mop_c_:gor_clj_l_rlo’res Apply herbicide
O Causes substantial damages to farmers 7m.<

O Is tedious fo remove, especially in

environmentally protected areas U % \
1" N

Questions:

O Can Senecio jacobaea be detected at Tm height among other vegetatione
O How much does the dataset size affect the quality of the model?
O How much does the plant size influence the result?



Materials and Methods |

Collecting Data

Collecting a dataset
2128 images
Im above ground
Akaso Brave 4 Action Cam
5120x3840 (4:3)

Resizing to 1024x768 for easier
handling

Introducing unique IDs to distinguish
Date
Location
Time of day

camera

ID/Date/Time

kam_210515_n_acb4
15.05.21
12:00 - 14:30

kle 210516 _n_acb4
16.05.21
11:30 — 14:40

moe_210518 n_acb4
18.05.21
11:30-13:30

moe_ 210527 a_acb4
27.05.21
16:30-17:00

kam_210529 a_acb4
29.05.21
14:00 - 15:00

mil_210529 e acb4
17:00 - 18:30

leu_210601_n_acb4
01.06.21
12:00 — 15:30

Location

Kali: Stephans-
waldchen,
LaGa entrance

Kleve: Forstgarten,
Joseph-Beuys Allee

Moers: Schlosspark,
Grafschafter
Kampfbahn

Moers: Grafschafter
Kampfbahn

Kali: Stephans-
waldchen,
LaGa entrance

Rheinberg Millingen
HeidestraBe 15

Leucht: Strohweg,
Bierweg, Stappweg

Type

Park,
demolition
area

Demolition
area

Park

Meadow,
pasture

Forest, fields

Weather Imgs

Mostly cloudy,
Rainy

Cloudy, later
sunny

Mostly sunny,
cloudy

Cloudy, rainy

Sunny

Sunny

Sunny

Insts




O Model output:
O Fixed number of predictions

O Each prediction contains
O Claoss
O Confidence
O Bounding box coordinates

O Labels
O Eachimage has its own XML label

O For each specimen, the label
contains

O Class
O Bounding Box coordinates

O Done using CVAT
O 5723 specimens in 2128 images

leu_210601_n_acb4 0436.xml
<annotation>
<folder>leu</folder>
<filename>leu_210601_n_acb4_0436.JPG</flename>
<source>
<database>Unknown</database>
<annotation>Unknown</annotation>
<image>Unknown</image>
</source>
<size>
<width>1024</width>
<height>768</height>
<depth></depth>
</size>
<segmented>0</segmented>
<object>
<name>Senecio</name>
<occluded>0</occluded>
<bndbox>
<xmin>308.88</xmin>
<ymin>230.42</ymin>
<xmax>/38.71</xmax>
<ymax>739.41</ymax>
</bndbox>
</object>
</annotation>




2128 images

80%

Training Dataset

A 4

O Used for optimization of the model parameters

Validation Dataset

10% |l

\ 4

O Used during training to monitor
O Model progress
O Under- and Overfitting

O Evaluated after each iteration (epoch) over the training dataset

—— Test Dataset

10% |l

O Used after the training to evaluate the performance of the finished
model



O PASCAL VOC dataset format

O Standardized file & directory
structure

O Suitable for training SSD-
MobileNet-v1

O Python was used for automatizing
the process

O Images were shuffled before
being distributed to fraining,
validation, and test seft

<dataset name>

___Annotations (XML labels)
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___ JPEGImages (Images)

|  labels.txt (define classes)

—

(define training,
Validation, test set)
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Spatial distribution of specimens in the images of the dataset
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O Training parameters:
O NVIDIA Jetson Xavier NX

O Modified training script to write
logging messages to log file

© 100 epochs
O 851 batches (batch size 2)
O Learning rate: 0.01

O Log file plof:

O Validation loss is calculated after
each epoch

O Validation loss is composed of
O Classification loss

O Regression loss

Validation loss of model 1 during training

Validation Loss
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Absolute Frequency

O Distribution of the Senecio class
into three separate size classes:

O Senecio s (3532)
O Senecio m (1281)
O Senecio 1 (9207)

O Training parameters were the same
as before

Distribution of bounding box sizes in the dataset
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Validation loss of model 2 during training
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O The size of the fraining dataset
was reduced by 50%. Besides
that, it is identical with dataset 1

O Training parameters were the
same as before

Validation Loss

Validation loss of model 3 during training

Total B

A Classification

Regression

A, A,
AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA




False Positive (FP)
False Negative (FN)
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Materials and Methods X
Precision and Recall, AP, mAP

Example Model Evaluation (8 ground truth labels)

TP TP
Precision = = >0.5? Pr.
TP+FP all predictions Bbox T loU | loU>0.5 ITP| XFP| Pr(t) | Rc(7) Tinterp(T)
TP TP
Recall = =

TP+FN all ground truths

Average Precision (AP):

Area under interpolated precision x
recall curve

Class-specific metric

Mean Avergge Precision (mAP) (Interpolated) Precision x Recall curve
Arithmetic mean of all APs R |
Metric for model as a whole ol AP *
Evaluation was done with an open- 08
source object detection metrics 0259 Printerp. X Re
toolbox 000 Froctie

0.0 0.2 0.4 0.6 0.8 1.0



O Confidence threshold: 20%

O Metrics
O Precision: 33.06%
O Recall; 35.11%

O AP/mAP: 21.93%

O Average Bounding Box Area
O Ground Truth: 23823.78 pixel?

O Predictions: 52032.08 pixel?

a)

0.2
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Re(T)

0.8

1.0

(Interpolated) Precision x Recall Curve: Model 1

b)

0.2

04 0.6
Re(T)

0.8

1.0



O Confidence threshold: 20%
O Metrics (MAP: 19.44%)

O Senecio_|
O Precision:  27.46%
O Recall: 60.23%
O AP: 38.63%

(Interpolated) Precision x Recall Curve: Model 2 - Senecio-1

O Senecio_m

O Precision: 43.90%
O Recall: 27 .27%
O AP: 17.69%

(Interpolated) Precision x Recall Curve: Model 2 - Senecio_-m
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O Senecio_s

O Precision: 34.21%
O Recall: 3.78%
O AP: 2.00%

(Interpolated) Precision x Recall Curve: Model 2 - Senecio_s
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O Confidence threshold: 30%

O Metrics
O Precision: 47.06%
O Recall: 4.26%

O AP/mAP: 2.88%

O Average Bounding Box Area
O Ground Truth: 23823.78 pixel?
O Predictions: 42084.12 pixel?

(Interpolated) Precision x Recall Curve: Model 3
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Image: kam 210515 n acb4 0039
Ground Truth /
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Image: kle 210516 n acb4 0184
Ground Truth /

Model 1 Model 2 Model 3




leu 210601 n acb4d 0307

Image

Ground Truth /

Model 3

Model 2

Model 1




Image: moe 210527 a acb4 0102
Ground Truth /

Model 1 Model 2 Model 3




O In some cases, the
predicted bounding
boxes were distorted
compared to the
ground truth labels

O Center point is needed
for extracting GPS
coordinates

O If the centers of
predicted and ground
truth bounding boxes
are reasonably close
together, it is not @
problem

Ground Truth /
Points are denoting

the center of the bounding boxes



The models have problems detecting

small specimens (<20000 pixel?)

Resizing to 300x300 pixels potentially
loses features like edges efc.

Current object detection methods
perform significantly worse for small
objects since they lack characteristic
shapes and textures

Classification and bounding box
regression might be hard or even
impossible

Colour alone is oftfen not enough to
distinguish small specimens from the
background
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O  All models misidentified
objects as Senecio
jacobaea

O What is the model
actually looking for?

O CNNs are considered
a black box whose
decisions cannot be
properly explained

O FPs are not desirable,
but would be corrected
in the validation step

Adversarial Example (Goodfellow et al. 2015)
Demonstrated with GooglLeNet (ImageNet dataset)

+0.007 x

Melelglelel ,,némo’rode“ ,Qgibbon*
57.7% confidence 8.2% confidence 99.3% confidence



O Possible Reasons for FNs
O Small Size
O Cut off at image edges
O Covered by other vegetation

O Bad lighting or contrast

O FNs would not be validated again in
the second step since they are not
mapped in the first place. So, the error
does not get corrected

O This impairs the quaility of the weed
control method

O Itis better to tfrade off some precision
for a higher recall




O Duplicate Detections are problematic
since

O Plants would be treated multiple times
with herbicide

O They inflate the precision and recall
above the real value and make
evaluation difficult

O Non-Maximum Suppression (NMS)
O Post-processing algorithm

O Merges all detections referring to the
same ground truth object

O Compares confidence and loUs of
detections




O There might be specimens missing a lable

O Research has shown that there is a significant performance drop if 50% or more labels are missing

O The distribution of specimens into size classes might not be optimal

O It would be better to relabel the dataset manually by grouping specimens of similar appearance

O Some field conditions are underrepresented in the dataset

O Dataset size should be increased and should represent all conditions more equally

O Type of illumination might greatly change the appearance of Senecio jacobaea
specimens



It is possible to detect Senecio jacobaea in images at a height of 1 meter with
background vegetation of similar apperance

A toolchain including all steps, from collecting data to evaluating models, was proposed
and tested

It was shown that a larger dataset greatly improves the quality of the model

The size of the specimens drastically influences the models ability to find it

Object detection of Senecio jacobaea is a solvable albeit challenging problem.
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