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Plant phenotyping

Fonte: Agriexpo, 2019.



Three major componentes of a soybean
Crop-

Pods per plant (PN) Seeds per pod (SPP) Seed size (SS)
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Classic procedure

* “Define and extract appropriate features for the problem at hand
and then train a classifier” (UZAL, 2018)

* Three state-of-the-art classic classification methods were
1mplemented:

— SVM

— Random Forest (RF)
— Penalized Discriminant Analysis (PDA)



Convolutional neural networks
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Data collection

(a) 2-SPP (b) 3-SPP (c) 4-SPP

ig. 1. Sample photographs of soybean pods used to build the dataset. Each pod is manually classified by an expert and photographed within its class group defined
by the SPP number,

Fonte: Uzal et. al, 2018.




Pods segmentation
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Pods segmentation

(a) 2-SPP (b) 3-SPP (c) 4-SPP

ig. 1. Sample photographs of soybean pods used to build the dataset. Each pod is manually classified by an expert and photographed within its class group defined
by the SPP number,

Fonte: Uzal et. al, 2018.




Pods segmentation
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(a) 2-SPP  (b) 3-SPP ) 4-SPP

Fig. 2. Pod images obtained after segmentation process. Each panel corre-
sponds to one of the three class label to be recognized, defined by the number of
seeds per pod (SPP). Images shown preserve the original relative sizes.
Fonte: Uzal et. al, 2018.




Pods segmentation

Table 1
Total number of examples corresponding to each class and season.

Class Season 1

2-SPP 811
3-SPP 4598
4-SPP 2444

Total 7853

Fonte: Uzal et. al., 2018.



Preprocessing
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Fig. 3. Images obtained after preprocessing step. Samples are the same of
Fig, 2
Fonte: Uzal et. al., 2018.




Data augmentation
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Data augmentation
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ata augmentation

8.11.3.2. Practical cases

Inverted curve

Black is made White (fully colored / fully opaque). White is made black (black, fully transparent). All pixels adopt the
complementary color. Why that? Because subtracting the channel values from 255 gives the complementary color.
For example: 19;197:248 a sky blue gives 255-19; 255-197; 255-248 = 236;58,7, a bright red

Fonte: Gimp, 2019.



Feature extraction details

* Geometrical characteristics
— Area
— Perimeter
— Major and minor axis length

« Shape features
— Density
— Elongation
— Compactness
— Rugosity
— Axis ratio

e Ktc



Classification

Identifying to which category an object
belongs to

Applications: Spam detection, Image
recognition

Algorithms

.

Dimensionality reduction

Reducing the number of random variables to
consider.

Applications: Visualization, Increased
efficiency
Algorithms: PCA

Fonte: Scikit-learn, 2019.

tation details

Regression

Predicting a continuous-valued attribute
associated with an object

Applications: Drug response, St

k prices
Algorithms L

Model selection

Comparing, validating and choosing
parameters and models

Goal: Improved accuracy via parameter
tuning

Modules: grid se

¢ .

scikit-learn

Machine Learning in Python

Clustering

Automatic grouping of similar objects into
sets

Applications: Customer segmentation
Grouping experiment outcomes
Algorithms: k-| C

Preprocessing

Feature extraction and normalization

Application: Transforming input data such as
text for use with machine learning algorithms
Modules N




CNN implementation details
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N implementation details
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N implementation details

# Lasagne
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Hyperparameter search

able
xplored hyperparameters and selected values (see Section 4) for SVM, CNN and Data Augmentation.

Method Hyperparameter

SVM

Data Augm.

Fonte: Uzal et. al., 2018.

Range Selected Valu

[0.5, 1, 3, 5, 10, 50, 10
100, 200, 1000]

(50, 20, 14, 10, 5, 2,

1, 0.5, 0.2, 0.1, 0.05]

(1-4]

(1-5]

[8, 16, 32, 48, 64, 96, 128]
[-5.0to —20]
[—-5.0-0.0]

(16, 32, 48, 64, 96, 128]

[0.9-1.1]
[0.0-0.25]
[0.0-0.35]
[0.0-10.0]
[0.0-10.0]
[0.0-0.75]
[0-20]

Description

SVM C parameter

Gaussian kernel gamma

Layers per block

Number of blocks

Multiplicative factor for the number of maps
Learning rate (log10 scale)

Weight decay (log10 scale)

Samples per minibatch

Zoom range center

Amplitude of zoom interval
Maximum shear angle (radians)
Maximum horizontal shift (%)
Maximum vertical shift (%)
Maximum curve strength

Maximum random rotation (degrees)




Results

1g. 5. yperparameters

i ¢+ v t . 1 T for CNN training. The first row corresponds
- to model hyperparameters (defining net-
: work architecture). Variables depth and
: CNNsize are significative quantities de-
rived from hyperparameters blc ize
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Fonte: Uzal et. al, 2018.



Relevant hyperparamethers

Accuracy

2 3 64 96 128
blockSize nBlocks widthFactor

4

Accuracy

104 106 64 96 128
CNNsize batchSize




Results

Table 3

Accuracy for different methods trained on Season 1 data and tested on tP‘cason 2
data. Mean and deviation for validation accuracies were computed with a group
k-fold procedure over training data. Test accuracy mean and standard deviation
were computed over test session groups and averaged over k-fold models.

Method Valid. Accuracy Test Accuracy

Features + SVM 0.902 + 0.022 0.504 + 0.145
CNN without Data Augmentation 0.936 + 0.009 0.827 + 0.043
CNN with Data Augmentation 0.951 £ 0.005 0.862 + 0.052

Fonte: Uzal et. al, 2018.



Results
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Fonte: Uzal et. al, 2018.
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(b) Train set: Season 2. Test set:

Season 1

Fig. 6. Training curves for the two different
seasons. Green lines: accuracy computed over a
random minibatch during training. Blue lines:
accuracy computed on the validation fold. Blue
empty circles: new maximum in validation ac-
curacy. Red dots: test accuracy. Season 2 dataset
appears to contain more diverse and difficult
examples which do not exist in the Season 1
version. (For interpretation of the references to
colour in this figure legend, the reader is re-
ferred to the web version of this article.)




Detection of important features

Seed per pod

Original —_—— 3 (true and predicted)

Occluded — 2

Seed per pod
Original e 4 (prediction)
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Fonte: Uzal et. al., 2018.



Visualizing relevant patterns

pred: 2 pred: 3 pred: 4

1000

Fig. 7. Confusion matrix with representative samples visualization. Green (red)

olored regions indicates regions of positive (negative) correlation with correct
class CNN output probability obtained by occlusion experiments. (For inter-
pretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.

Fonte: Uzal et. al, 2018.




Visualizing relevant patterns

true: 3

Fig. 8. Visualization of samples where the contour plays an important role. The
colors indicate the same as in Fig. 7. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this

article.)

Fonte: Uzal et. al, 2018.



Conclusion and future works

« CNNs have many hyperparameters, but high accuracy can be
achieved without precise values

 CNNs outperformed classic approach

 CNNs learnt to detect each seed in the pod

 Detection in field
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