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Abstract

Due to time restrictions or computational restraints, its
not always possible to build a model from scratch about
plant classification problem in real life, we will compare the
performance of methods and try to find a pre-trained way
for this kind of problem. The problem we are trying to solve
is given an image of flowers, we want to determine which
type it is (daisy, dandelion, rose, sunflower, tulip) in 4323
pictures. To solve this classification problem, we plan to use
different kinds of approaches including machine learning
(Support vector machine[1], Random Forest[2], K-nearest
Neighbors[3]) and deep learning methods (Custom CNN,
VGG [4], ResNet[5] ,DenseNet[6]). We found in this classi-
fication problem, deep learning method works much better.

1. Introduction
Flower Classification is the arrangement of flowers into

groups and categories for a clear understanding, proper
study and effective organization. According to Radford
(1986) classification is the arrangement of groups of plants
with particular circumscriptions by rank and position ac-
cording to artificial criteria, phenetic similarities, or phylo-
genetic relationships. A plant classification system has pre-
dictive value and provides an index to information storage
and retrieval on that plant. Plant classification is ground-
work in botanical studies, and in agro-forestry production
and management. Plant taxonomy is a fundamental re-
search field whose classification criteria rely heavily on the
appearances of plants such as leaves, flowers, branches,
bark, and fruits. The classification of flowering plants is a
significant part of plant taxonomy. Automatic classification
of flowers with high fidelity using computer technology is
of great social benefits.

The input to our algorithm is image file. We then use
some traditional machine learning methods such as SVM,
Random Forest, K-nearest Neighbor to output a predicted
type. We then utilize two convolutional neural networks
(CNNs) whose inputs are images of the flowers and whose

outputs are predicted labels of kinds. Class labels can
be categorized into 5 groups: daisy/ dandelion/ rose/ sun-
flower/ tulip.

We finally do some experience. We implemented these
in the Python programming language using the high-level
neural networks API Keras with TensorFlow backend.

2. Related Work
Machine learning and deep learning methods are fre-

quently used in image classification problems. During the
early years, researchers applied support vector machine[1],
random forest[2], k-nearest neighbors[3] and many other
methods in classification problems. Meanwhile, neural net-
works are helpful tools. In 1998, Yann et al. used multi-
layer neural networks trained with the backpropagation al-
gorithm to recognize handwriting digits[7], the so called
LeNet was regarded as the first generation of deep learn-
ing neural network. Thanks for the evolution of computing
hardware, in recent years, conducting more complicated but
more efficient learning methods becomes possible. In 2012,
the concept of deep convolutional neural networks was pro-
posed in ImageNet competition, so called AlexNet[8] by
Alex et al. Then in 2014, Karen et al. built very deep con-
volutional networks so called VGG[4] for ImageNet chal-
lenge 2014, using 16-19 weight layers, and ranked first in
ImageNet competition. However, deeper layers also bring
much more loss on top layers, and are much more difficult
to train. In 2016, Kaiming et al. developed deep resid-
ual neural network so called ResNet[5], which keep trace
of the residual of each layer thus made it possible to add
more training layers, and won ImageNet challenge 2016.
In 2017, instead of using layer before the current layer as
residual, based on ResNet, Gao et al. connected every layer
together and proposed densely connected neural networks
so called DenseNet[6], and win the CVPR 2017 best paper
award. In our work, we applied machine learning methods
including SVM, Random Forest and KNN, deep learning
methods including custom convolutional neural network,
VGG, ResNet and DenseNet to classify images of flowers.
For VGG, ResNet and DenseNet, we used the pre-trained
weights trained in ImageNet challenge, and connected our
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own custom neural network layers after these pre-defined
multilayer networks.

3. Dataset and Features
3.1. Dataset

We use a dataset contains 4323 images of flowers from
kaggle. The data collection is based on the data flickr,
google images, yandex images. We can use this dataset to
recognize plants from the photo. Its over 200 megabytes
and contains over 4000 images of flowers. It includes 5
types of flowers so we have 5 classes or 5 labels for this
classification problem. Each image has a different resolu-
tion, like figure 1 shows. The number of each flower is
shown in figure 2

Figure 1. Dataset Examples

Figure 2. Number of Each Flower

3.2. Data Pre-Processing

In order to get a better result for machine learning and
deep learning models, we conducted data normalization and
data augmentation methods in some of our experiments, and
received reasonable improvement on our results.

3.2.1 Data Normalization

The normalization of data is to scale the data down to a
small specific interval. It is often used in the processing
of certain comparison and evaluation indicators to remove
the unit limit of the data and convert it into a dimensionless
pure value, so that indicators of different units or magni-
tudes can be compared and weighted. One of the benefits
of normalization is to increase the convergence speed of the
model. Another benefit of normalization is the increased

accuracy, which is significant when it comes to algorithms
for distance calculations, such as algorithms that calculate
Euclidean distances. Therefore, normalization is necessary,
which allows each feature to contribute the same to the re-
sults.

3.2.2 Data Augmentation

The raw input we use for training is the image after resiz-
ing, 128�128�3 usually a matrix for image pixels. While
for some machine learning method(RF, SVM), we flatten
the image into a list of row pixels. Not only model param-
eters influence the result, the quality of training data will
also influence our result. We do data augmentation meth-
ods such as randomly flipping, shifting and zooming the
images, and applying ZCA method. This augmentation is
helpful for feature weights extraction. Size of our training
dataset is quite small, however having a large dataset is cru-
cial for good performance. We randomly generate samples
using following illustrated approaches, then plug them into
training dataset. It generates more valid data, provides more
information and thus prevents over-fitting.Instead of using
raw data, we firstly pre-process it to adjust values measured
on different scales to a notionally common scale. By sub-
tracting each data by average and divide by standard de-
viation, we made the data value closer to each other. We
implemented this optimization in SVM however, the result
does not improve. The reason could be the robustness of
non-linear models dealing with complicated datasets and
changing pixel values sometimes will distort original im-
ages. Figure 3 shows these methods.

Figure 3. Augmentation of Dataset

4. Methods

4.1. Machine Learning Methods

4.1.1 Support Vector Machine

Support Vector Machine is the model that constructs a hy-
perplane or set of hyperplane in higher dimension space.
This method aims to find near optimal of functions without
knowing its statistical distribution and enables predictions
only depend on training data by finding the separating hy-
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perlane between two classes. We could know that the struc-
ture of a separating hyperplane can be defined as:

y = !T + b
with classes labeled by -1 for y >= 0 and 1 for y < 0

The distance between two classes can be represented by:


 = |ωT+b|
||ω||2

So the optimal solution for SVM is when:

argmaxγ2 equals to: argmin ||ω||2
2

We could find the hyperplane is assumed to be a canonical
one:

tn _(!T + b) >= 1 where tn is the label corresponding to
each data point

4.1.2 Random Forest

Random Forest is a conditional weighted method only uses
important features to do the classification. The input dataset
D which consists of N samples d-dimension is first consid-
ered as the root of a classification tree. It does a loop to find
the best features. Gini impurity is chosen as the metric to
split the root which measures the probability of data.

Gini(f) =
∑
i=1 Jfi(1� fi); i = 1; 2; ::J where J is the

number of classes and fi is the portion of data belongs to it.

While the Information gain is calculated based on the en-
tropy:

Entropy = �
∑
i=1 Jpi log2(pi); i = 1; 2; ::J where pi is

the probablity of class i and the sum of pi should be added
up to 1.

The information gain is the entropy difference between
node and its children:

IG = Entropy(T )� Entropy(T ja)

The data set keeps splitting based on one of these two met-
rics until all nodes could not be separated.

4.1.3 K-nearest Neighbours

K-nearest neighbour is a non-parameter learning algorithm
used for classification. That means it couldn’t make any as-
sumption about the distribution of underlying data or gen-
erate induction by training data. Actually, it’s based on find
the most similar data points in the training data and make
informed guesses based on their classification at the most
basic level. The feature vector is a vector of length N given
data with N unique features, and entry I of the vector data
point values representing feature I. Each feature could be

considered as a point in RN. Once we have formed our train-
ing data set, that represented as a MxN matrix where M is
the number of data points and N is that of features, we could
do classification by those. The algorithm compute the dis-
tance value by:

DH =
∑k
i=1 jxi � yij

pick the k closest data points and finally conduct a majority
vote. This results in a decision boundary that partitions RN

into sections, where each represents a class in labels.

4.2. Custom Convolutional Neural Networks

In recent years, CNN models become very powerful in
the field of computer vision. It has four important prop-
erties. The first one is locality which means that nearby
pixels of images depend most on nearby pixels. The sec-
ond one is stationary statistics which means the statistics of
pixels are relatively uniform across the image. The third
one is the translation invariance which means the identity
of an object doesnt depend on its location in the image. The
fourth is compositionality which means objects are made
of parts. Always the convnets is supervised and includes
several layers. The structure of convnet is comprised of a
convolutional layer of replicated feature maps, a nonlinear-
ity applied to it and an optional pooling layer. Each convo-
lutional layer consists of several convolutional filters, each
of which is optimized by backpropagation algorithm. The
purpose of the convolution operation is to extract different
features of the input. The first layer of convolutional layer
may only extract some low-level features such as edges,
lines and corners. Deeper layers can iteratively extract more
complicated features from low-level features. The pooling
layer pools the data so that it can downsample a large matrix
into a small matrix and reduce the amount of computation
and prevent overfitting. There is usually a maximum pool-
ing layer and an average pooling layer. The maximum pool-
ing layer selects the maximum value for each small area as
the pooling result, and the average pooling layer selects the
average value as the pooling result. We can train convolu-
tional filters by back-propagating classification error which
is based on the gradient descent.

There are also some tricks of the trade in convnets which
can made training deep nets much easier. In ANN, we may
choose sigmoid function as the activation function. But sig-
moid makes all inputs positive to the next layer, this is bad
for back-propagating. Always people choose ReLU func-
tion in each hidden layer. Also batch normalization is very
important to the network. It normalizes all of the activa-
tions in the network which are the outputs of each hid-
den unit throughout the network. Sometimes people also
add dropout layer to the network for regularization. It is a
method to only keep a neuron active with some probabil-
ity por setting it to zero otherwise. This can make network
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generalize by randomly dropping neuron connections.

4.3. VGG

VGG[4] is a convolutional neural network model pro-
posed by K. Simonyan and A. Zisserman from the Univer-
sity of Oxford in the paper Very Deep Convolutional Net-
works for Large-Scale Image Recognition. VGG adopts
the simplest. Only 3x3 convolution and 2x2 pooling are
used throughout the whole network. Even thought there is
a drawback that we have to train much more parameters,
VGG showed that the depth of the network plays an impor-
tant role and deeper networks give better results in ILSVRC
2014 competition. Figure 4 shows the structure of VGG
model.

Figure 4. VGG Model

4.4. ResNet

A residual neural network (ResNet) is an artificial neu-
ral network of a kind that builds on constructs known from
pyramidal cells in the cerebral cortex. Residual neural net-
works do this by utilizing skip connections, or short-cuts to
jump over some layers. Typical ResNet models are imple-
mented with double or triple layer skips that contain non-
linearities (ReLu) and batch normalization in between.

One motivation for skipping over layers is to avoid the
problem of vanishing gradients, by reusing activations from
a previous layer until the adjacent layer learns its weights.
During training, the weights adapt to mute the upstream
layer, and amplify the previously-skipped layer. This speeds
learning by reducing the impact of vanishing gradients, as
there are fewer layers to propagate through. The network
then gradually restores the skipped layers as it learns the
feature space. Figure 5 shows the structure of ResNet
model.

4.5. DenseNet

DenseNet is a network architecture where each layer is
directly connected to every other layer in a feed-forward
fashion (within each dense block). For each layer, the fea-
ture maps of all preceding layers are treated as separate
inputs whereas its own feature maps are passed on as in-
puts to all subsequent layers. DenseNets have several com-
pelling advantages: they alleviate the vanishing-gradient
problem, strengthen feature propagation, encourage feature

Figure 5. ResNet Model

reuse, and substantially reduce the number of parameters.
Figure 6 shows the structure of DenseNet model.

Figure 6. DenseNet Model
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5. Experiments
5.1. Machine Learning Methods

We provide several ML algorithms with the following
steps and get some accuracy at the end.

At first, we resize all the images into 64x64, and for the
training of SVM and RF, we also need to transfer the image
matrix to a feature vector, its like flatten the image into a list
of row pixel,while the KNN we just resize the image.

We also try other sizes for the image like 128x128 to
find a better accuracy, it turns out for different model, it
prefers the different size to reach the best accuracy. like
SVM prefers 128.

We then Split the dataset with the function
train test split. Use 0.70 as train set and 0.30 as test
set

We Apply different machine learning model like KNN,
SVM, RF and BP Neural Network with python machine
learning package Finally we get the accuracies as follows
with the corresponding parameters in results.

5.2. Custom CNN Models

We build two different CNN models. Our batch size is
32 images and we train each model for 100 epochs. Because
our task is a multi-label classification problem, we choose
softmax function as our output score function. Also, we
choose cross-entropy function as our loss function. Based
on Keras framework, we also do some data preprocessing,
such as ZCA whitening, randomly rotating, zooming and
shifting. This can lead to more data which can improve the
performance of models. We use Adam optimization algo-
rithm with a default learning rate of 0.001. Our first custom
CNN model is like Figure 7. The input size is 150*150. The
hidden layers include four convolutional layers and four
max pooling layers. Then there are two fully connected lay-
ers and one output layer. From Figure9, we can see that this

Figure 7. Custom1 CNN Architecture

model has an accuracy of 0.95 on training data and 0.80 on
validation data. From Figure8, we can see that the training
loss is always decreasing but the validation loss is increas-
ing after 20 epochs. This is a problem of overfitting. Our
second custom CNN model is like Figure10. In order to get
better performance, we want to make our network deeper.
So, we double the number of convolutional layers. To pre-
vent the problem of overfitting, we add batch normalization
layer after each convolutional layer. Also, we add a dropout
layer with the drop rate of 0.15 after the first fully connected
layer. This can lead to regularization on the model. From
Figure11, we can see that our second model can get lower

Figure 8. Custom1 CNN Model Loss

Figure 9. Custom1 CNN Model Accuracy

Figure 10. Custom2 CNN Architecture

loss on both training and validation data. And there is no
problem of overfitting because the training and validation
loss are all decreasing. From Figure12, we can see that our
model can also get higher accuracy. It can achieve an accu-
racy of 0.97 on training data and 0.85 on validation data.

Figure 11. Custom2 CNN Model Loss

Also, we do some feature visualization of our models. This
can show what our model has learned from data. From Fig-
ure13, we can see the activation maps of the first convo-
lution layer, different filters activate different parts of the
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