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Abstract: Flower classification is a challenging task due to the wide range of flower species which have similar shape, appearance
or surrounding objects such as leaves and grass. In this paper, we propose a novel two-step deep learning classifier to distinguish
flowers of a wide range of species. Firstly, the flower region is automatically segmented to allow localisation of the minimum
bounding box around it. The proposed flower segmentation approach is modelled as a binary classifier in a fully convolutional
network framework. Secondly, we build a robust convolutional neural network classifier to distinguish the different flower types. We
propose novel steps during the training stage to ensure robust, accurate and real-time classification. We evaluate our method on
three well known flower datasets. Our classification results exceed 97% on all datasets which is better than the state-of-the-art in

this domain.

1 Introduction

Unlike simple object classification such as distinguishing cats from
dogs, flower recognition and classification is a challenging task
due to the wide range of flower classes that share similar fea-
tures: Several flowers from different types share similar colour,
shape and appearance. Furthermore, images of different flowers usu-
ally contain similar surrounding objects such as leaves, grass, etc.
There are more than 250000 known species of flowering plants
classified into about 350 families [1]. A wide range of various
applications including content-based image retrieval for flower rep-
resentation and indexing [2], plants monitoring systems, floriculture
industry [3], live plant identification and educational resources on
flower taxonomy [4] depend on successful flower classification.
Manual classification is possible but time consuming and tedious
to use with a large number of images and potentially erroneous in
some flower classes especially when the image background is com-
plex. Thus, robust techniques of flower segmentation, detection and
classification have great value.

Conventional flower classification techniques use a combination
of features extracted from the flower images with the aim of improv-
ing classification performance [5-7]. Colour, texture, shape, and
some statistical information are among the main sources of features
that are widely used to identify the different flower species [5, 8—
10]. Some methods rely on human interaction to further enhance
the classification results [7, 11, 12]. In addition, Support Vector
Machines (SVM) are among the most commonly used types of clas-
sifiers [5, 13, 14]. Many flower classification techniques rely on
learning their features from a segmented flower region to improve
accuracy [5, 15-17].

Hand-crafted traditional discriminative features that can be used
in a classification task such as histogram of oriented gradients
(HOG), scale-invariant feature transform (SIFT), speeded up robust
features (SURF), etc., cannot be easily applied to the flower clas-
sification problem due to the problem complexity as well as the
numerous flower classes. In addition, robustness of a flower clas-
sification technique applied to one flower dataset is not guaranteed
on a different flower dataset. This is mainly because conventional
methods rely heavily on specific hand-made features which might
not be generalisable to other flower images or similar flower images
with different conditions such as change of lightning, flower pose or
variation of surrounding objects.

IET Research Journals, pp. 1-8
© The Institution of Engineering and Technology 2015

Deep learning techniques, especially Convolutional Neural Net-
works (CNNs), have recently gained wide interest due to superior
accuracy compared to classical machine learning methods which
rely on hand-crafted features. In addition, the advance of hardware
capabilities particularly with the use of Graphics Processing Units
(GPUs) sped up the processing time of deep learning techniques
significantly [18, 19].

In this work, we show how we utilise recent development of
deep learning methods such as CNN alongside the existence of
reasonable size flower datasets to tackle the flower classification
task robustly. Our automatic method detects the region around the
flower in an image, then uses the cropped images to learn a strong
CNN classifier to distinguish different flower classes. The detec-
tion is performed by finding the minimum bounding box around
an automatically segmented flower. The segmentation is achieved
as a binary classification task within a Fully Convolutional Network
(FCN) [20] framework. Our robust method is evaluated on different
known flower datasets and results show that the proposed technique
achieves at least 97% classification accuracy on all datasets.

The rest of this paper is organised as follows, in Section 2 we
present the background and related work. Section 3 presents the pro-
posed method. The experimental setup is described in Section 4,
followed by results and comparisons in Section 5. We then conclude
our work in Section 6.

2 Related work

In this section, we describe CNN and its application in image clas-
sification and segmentation. We then present related work which
addresses the flower segmentation and classification task. We gen-
erally split the techniques to deep learning and non-deep learning
based techniques.

2.1  CNN for image classification and segmentation

A Convolutional neural network consists of a number of convo-
lutional and subsampling layers optionally followed by fully con-
nected layers. For the sake of this work, we focus on 2D CNNs which
typically work on 2D images; although 1D or higher dimensional
CNNs have similar concepts.

The input to a convolutional layer is an (r X ¢ X n) image / where
r is the number of rows, c¢ is the number of columns and » is the
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number of channels. The convolutional layer is meant to learn K
filters (or kernels) of size (k, X k. X ky).

In addition, padding the input image with p (p,, p.) pixels permits
convolution for pixels at the border of the image. p is typically set
as half of the kernel size (k,/2,k./2). Furthermore, a stride value s
defines the kernel movement over the image. After the convolution
of an input image with K kernels, the resultant K feature maps have
the following size
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where M¥ is the number of rows in the A feature map. The
number of columns in a feature map M(’f is similarly derived. A
non-linearity transformation, e.g., Rectified Linear Unit (ReLU), is
typically applied to all feature maps after the convolutional layer to
speed up the training process [18]. Moreover, each feature map is
then down-sampled typically with a pooling step which reduces the
size of the feature maps and allows the next convolutional layer to
work on a larger receptive field compared to the first one. This helps
the network learn features at multiple scales. The generated feature
maps after the first convolutional, non-linearity and pooling layers
are then passed as input to the next block of layers to compute the
next set of feature maps and so on. Optionally, fully connected lay-
ers can be used at the end of the CNN to determine which features
most correlate to a particular class. The output of the last layer is an
N-dimensional vector where N is the number of classes in a given
problem.

During the training stage, a loss function, such as the mean square
error in Eq. (2), is used to compute the difference between the actual
(y) and predicted (¥) labels.
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The use of the CNN is expanded to allow image segmentation
and object detection. Image segmentation using CNN can be per-
formed using a concept called Fully Convolutional Network (FCN)
for semantic segmentation [20]. In addition, methods have been
proposed to allow the CNN to do object detection such as region
proposals with CNN (R-CNN) [21], fast R-CNN [22], faster R-
CNN [23] and YOLO [24]. Overall, these techniques and the FCN
method provide similar results on benchmarked models such as
AlexNet [18] and VGG-16 [19]. In this paper, we focus on the FCN
model to segment then detect the flower region mainly because it can
be easily reused in the classification model as described in Section 3.

FCN can be considered as a special type of CNN in which de-
convolutional layer(s) can be used to up-sample and fuse the feature
maps from some convolutional layer(s) such that a segmentation
mask can be learnt. Typically, the segmentation mask is the same
size of the input image which provides a pixel-wise classification for
each pixel.

2.2 Flower segmentation and classification

Various approaches have been proposed to classify flower images.
The majority of researchers have used machine learning based meth-
ods. For instance, the work in [5] segmented and classified flowers
using SVM and multiple kernel learning (MKL). They extracted
features from SIFT, HOG, and the HSV colour model. This work
has later been improved in [15] and then further advanced in [13].
In [15] they used the concept of BiCoS (Bi-level Co-Segmentation),
and BiCoS-MT (multi-task) in an SVM classifier while in [13] they
used TriCoS (Tri-level Co-segmentation) to tackle the flower seg-
mentation and classification; an SVM model was used with SIFT,
Lab colour model, principle component analysis (PCA), fisher vector
(FV), and Gaussian mixture model (GMM).

A user-interactive method computer assisted visual interactive
recognition (CAVIAR) was proposed in [7] which extracts shape
features from a rose curve model, and hue and saturation colour
moments. A classification approach is proposed in [11] using

weighted Euclidean distance with features from the HSV colour
model and boundary shape of flowers. They also extracted colour
and shape features from flower centre area. However, this method
requires manual user interaction.

Other approaches in flower classification have been proposed,
such as pairwise rotation invariant co-occurrence local binary pattern
(PRICoLBP) [16]; metric forests with GMM [25]; generalised max
pooling (GMP) with FV and power normalisation [26]; visual adjec-
tives (VA) with SIFT and improved FV [27]; saliency driven image
multiscale nonlinear diffusion filtering [17]; heterogeneous co-
occurrence features [28]; generalised hierarchical matching (GHM)
with saliency map (LocSaliency) [14]; contextual exemplar classi-
fier (CEC) [29]; fisher discrimination dictionary learning (FDDL)
with frequent local histograms (FLH) [8]; grid-specific bag-of-FLH
(GRID-FLH) [30]; colour attention-based bag-of-words [9]; Harr-
like transformation of local features [31]; and graph-regularised
robust late fusion (GRLF) [32]. All the aforementioned methods rely
on hand-crafted features which use classical classifiers such as SVM.

On the other hand, deep learning techniques, especially CNN-
based, were proposed to tackle the flower classification task. CNNs
have recently gained a lot of interest in solving several learning
problems due to superior accuracy compared to classical methods.
They have been recently used in several natural image classification
tasks [18, 19, 33, 34].

There are a handful of works in the literature which use CNN to
address the flower classification problem [10, 35-48]. For instance,
the work in [35] approached the problem using a two-level hierarchi-
cal feature leaning that used a deep CNN. They first used a transfer
learning method (hierarchical feature learning (HFL)) to initialise a
pre-trained deep CNN model for the new target dataset. The deep
feature extractors at different levels were then trained. This method
effectively increases the classification accuracy in comparison with
other classification methods.

A combined online nearest-neighbour estimation (ONE) algorithm
was proposed for both image classification and retrieval [36]. Man-
ual object definition, regional description and nearest-neighbour
search of extracted CNN features were involved in this algorithm by
computing similarity between the query and each category or image
candidate. Results show state-of-the-art accuracy in a wide range of
image classification and retrieval datasets with reasonable computa-
tional overheads. The work in [37] addressed different recognition
tasks including flower classification using standard CNN represen-
tation called OverFeat. The experimental study shows significant
results in the different classification tasks on various datasets.

The authors in [10], on the other hand, proposed reversal-
invariant deep features (RI-Deep), and reversal invariant convolution
(RI-Conv) layers to increase the CNN capacity without affecting
the model complexity. On various image classification tasks, this
approach shows an improvement in classification accuracy, includ-
ing scene understanding, fine-grained object recognition, and large-
scale visual recognition. The authors in [38] proposed an approach to
extract deep convolutional activation features (DeCAF) to use with
a k-NN classifier. Their empirical study shows that the proposed
method can yield an improved accuracy and performance compared
to state-of-the-art approaches.

A task-driven pooling (TDP) model to learn pooled representa-
tion implicitly from data was presented in [39]. TDP was used to
replace average or max pooling in CNN models to achieve a better
pooled representation. The proposed method was extended to mul-
titask classification to maximise the accuracy on a flower dataset.
In different work, guidelines on how to properly transfer CNN fea-
tures to solve a specific task were discussed in [40]. Their evaluation
showed state-of-the-art improvement on different datasets including
a flower dataset.

Recently, a method to speed up the computational time of the
CNN forward and backward propagation steps using winner takes
all (WTA) hashing was described in [41]. In a different approach,
a hierarchical deep semantic representation (H-DSR) which com-
bines semantic context modelling with visual features was proposed
in [42]. Deep CNN features were extracted from spatially fixed
image grids to detect a response map using pre-learned classifiers.
The response map was then used to extract semantic representation,
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which is further combined with visual representations to form a hier-
archical deep semantic model. In work related to ours, a CNN-based
method to perform flower classification was proposed in [43]. They
used luminance and saliency map approaches to select the flower
region. The method was evaluated on a flower dataset.

A convolutional fusion networks (CFN) model to fuse multi-scale
deep representations was proposed in [44]. This model adds more
parameters to generate new side branches from the intermediate lay-
ers, and learns adaptive weights for these branches. However, the
accuracy reported on flower classification is limited compared to
our work and other published work such as [40]. Authors in [45]
proposed a collaborative representation based classification (CRC)
approach, which represents the image as a weighted collaboration
of features over all classes. They extracted features using different
descriptors including CNN-based features and used these features in
the classification task.

An approach based on the CNN Inception model was proposed
in [46] for flower classification. The method was applied to the
Oxford 17 and Oxford 102 datasets and achieved good results. A
generic approach based on unsupervised fine-grained image retrieval
in different applications including flowers was proposed in [47].
No annotation was needed to cluster the objects as the proposed
method relies on detecting the main object in an image to create
deep descriptors for image categorisation. Finally, a fine-grained
recognition approach based on local parts and global discrimination
CNN was proposed in [48]. The method was applied to different sets
including Oxford 102. The proposed CNN consists of two networks
with shared weights such that one network is focused on the local
parts of the input image while the second on the global geometry of
the image.

3  Proposed method

We propose a two-step approach for the flower classification prob-
lem. The first step localises the flower by detecting the minimum
bounding box around it. The localisation is performed by segment-
ing the flower region using an FCN method [20]. The second step
learns a CNN to accurately classify the different flower classes.
Figure 1 shows the overall framework for the proposed method.
Here we show how the segmentation FCN is initialised by the
VGG-16 model [19] while the classification CNN is initialised by
segmentation FCN.

3.1  Network initialisation via transfer-learned ImageNet
features

Although kernels in the convolutional networks can be initialised
randomly, most deep learning methods utilise the existence of pre-
trained models on large datasets such as ImageNet for initialising,
i.e., transfer-learning, their models. This helps train networks for
problems with small numbers of training examples since many
image classification applications share similar low level features e.g.,
edges, blobs, etc.

We initialise the proposed FCN from the VGG-16 model [19]
which provided robust results on classifying images from the Ima-
geNet dataset. The trained FCN is then used to initialise the classifi-
cation CNN. The VGG-16 model consists of 5 convolutional blocks
followed by 3 fully connected layers. Each convolutional block con-
sists of 2 or 3 convolutional layers and ReLU. At the end of each
convolutional block a max pooling layer is used to down-sample the
feature maps which makes the features translation and scale invari-
ant. Figure 2 shows a detailed description of the VGG-16 model
alongside the parameters of the proposed FCN.

Although there are new published models such as [33, 34] that
exceeded the VGG-16 ImageNet classification accuracy, we have
chosen this model to initialise our FCN and consequently the CNN
model because it better suits the flower classification task. Deeper
models such as resNet [33] are generally too complex to handle this
task because the number of parameters is a over-kill. In fact, we
show here how we initialise our models by a reduced version of the
VGG-16 model with no compromise on accuracy.
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3.2 Fully convolutional network for semantic flower
segmentation

Flower images usually contain wide surrounding clutter which make
the problem of automatic flower classification challenging. There-
fore, we propose an automatic step which allows the detection of
the flower within the image by segmenting the flower region only
using FCN [20]. We formulate the segmentation task as a binary
classification problem; i.e., 0 for background and 1 for the flower
region(s).

Our proposed FCN consists of several convolutional layers and
three de-convolutional layers. The network is initialised by the first
5 blocks from the VGG-16 model (Fig. 2). Each convolutional layer
learns K kernels and produces K feature maps by sliding each 2D
kernel over the input image from the previous layer [49]. The 2D
feature map value at position (i, j) is computed as

k)2 ke/2
fii= Y < Y ka.bx1i+a,,+h> 3)

a=—k;/2 \b=—k/2

The 3 de-convolutional layers up-sample the feature maps generated
from the fifth block gradually. The first and second de-convolutional
layers use a stride of 2 while the final de-convolutional layer uses
a stride of 8. This is usually referred to as FCN-8s [20]. We use
bi-linear interpolation up-sampling to ensure smooth reconstruction
of edges of the flower. In addition, the (2, 2, 8) up-sampling also
allows fine-grained interpolation which permits the segmentation of
fine detailed structures. Notice that our model size is approximately
80% smaller than the VGG-16 model because we dropped the fully
connected layers from the model, which are shown as blocks with
dashed border in Fig. 2.

We use backpropagation to train the FCN. However, we initially
fix the kernels on blocks 1 and 2 (i.e., use the ImageNet kernels)
and only let the model learn the kernels on blocks 3, 4 and 5. This
allows it to learn the mid-to-global feature maps without optimis-
ing the low level kernels. When the validation accuracy saturates,
we stop training and then restart again starting from the last learned
model to let the FCN learn the kernels in the first two blocks. This
permits the model to learn local features. We found experimentally
that this process improves segmentation accuracy compared to learn-
ing all kernels in one step. In addition, due to having a small dataset,
we augment the images during training by allowing small rotation,
horizontal flipping, random small cropping of the image border, or
any combination of these transformation. This helps create a more
robust FCN model and avoids overfitting.

During testing an unseen flower image, the output of the model is
a mask of the same size, as shown in Fig. 3(b). Before the masked
flower is fed to the next step, i.e., flower classification, we perform
two pre-processing steps. First, we find the largest connected com-
ponent in the segmentation mask, as in the white region in Fig. 3(b),
to keep the largest segmented flower region. This is important only
when multiple flowers exist in one image; keeping only one flower
region is sufficient and possibly less confusing for the classifica-
tion task. Second, we use the minimum bounding box around the
largest connected component (red box in Fig. 3(c)) to crop the orig-
inal flower image while keeping the objects near the flower (as in
Fig. 3(d)). These objects are mostly leaves, and it turns out that keep-
ing them in the cropped image provides discriminative features when
training the flower classifier since they retain important context for
the flower.

3.3 Convolutional neural networks for flower classification

After generating cropped flower images, the task is simplified since
the highly discriminative regions are mainly kept while other pos-
sible misleading regions are removed. In this work, we address the
flower classification problem as a multi-class convolutional neural
network classification of N classes. The problem is simply formu-
lated as a function F which predicts the class ¢ of an image x such
as ¢ = F(x).
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Fig. 2: The proposed FCN model and its detailed parameters shown
in the boxes with solid border. The blocks with dashed border show
the VGG-16 blocks which we excluded.

Jesos
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CNN for flower classification /

Fig. 3: FCN for flower segmentation, (a) original image, (b) mask
of automatic segmentation (white region is the largest connected
component and red regions are the small regions which are ignored
during cropping the images), (c) the masked image that shows the
minimum bounding box around the largest segmented flower region,
(d) the cropped image region which is used in the classification step.

We propose a CNN which initialises its first 5 blocks from the
FCN model which was already initialised by the VGG-16 model.
However, instead of using 3 fully connected layers in blocks 6-8
(recall Fig. 2), we use 3 convolutional layers with 512 feature maps.
The kernel size of the convolutional layer in block 6 is 7 x 7 while the
number of output parameters from the convolutional layer in block
8is N.

We use a multi-class Softmax loss function as a measure of the
quality of a particular set of parameters based on how well the
predicted outcomes match the ground truth labels in the training
data. Softmax computes the probabilistic distribution over N dif-
ferent possible outcomes. We also use stochastic gradient descent
(SGD) to optimise and update the set of parameters aiming to min-
imise the loss function. SGD and Softmax loss are commonly used
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in other CNN-based applications such as [18, 19, 33, 34]. Our loss
function takes as input an N-dimensional vector X and outputs an N-
dimensional vector Y of real values between O and 1. This function
is a normalised exponential and is defined as

eXi

MR v

“

where j = 1,...,N. We have noticed that the loss function was not
performing well initially during CNN parameter optimisation. There
are several possible reasons for this, but it is mainly due to the com-
plexity of the multi-class classification problem compared to the
learnt weights in the binary segmentation FCN. In addition, the func-
tion we are learning is not convex, not smooth and has many local
minima with flat regions. Therefore, we propose two novel steps to
improve the convergence of the algorithm.

Firstly, since we have more convolutional layers in the CNN than
the FCN, we propose to learn kernel parameters in a 3-step approach.
First, we let the CNN learn the kernels in the convolutional layers at
blocks 6-8 while fixing the first 5 blocks. We then allow the CNN
to learn the parameters in blocks 3-5. Finally, we let all parame-
ters from all blocks be learned simultaneously. This provides better
convergence for the CNN.

Secondly, because of the existence of a large number of flat local
minima, the optimiser is prevented from reaching a good solution.
Therefore, it is important to allow the optimiser in some scenarios
to restart its search while finding a good minimum. To address this
issue, we propose a multi-step training approach during which we
force the learning rate to decrease in each step and then make a
sudden large increase. The increase of the learning rate allows the
optimiser to ‘restart’ itself to allow searching for other nearby solu-
tions. More details about different approaches to restart SGD are
described in [50].

In addition, thanks to the flower detection step described in
Section 3.2, a wider range of augmentation can be used. For instance,
a larger range of rotation angles and vertical flipping are used here
than in the FCN model because the image is already cropped around
the flower and large rotation does not affect the overall appear-
ance of the whole cropped image. However, performing a large
rotation on the whole (non-cropped) flower image may create a
completely unrealistic image. Finally, with more possible augmen-
tation, the generated CNN can be more robust to a wider range of
transformations especially object rotation.

4  Experimental Setup
4.1 Datasets

Three datasets are used to test the proposed method; the Oxford
102 [5], the Oxford 17 [6], and Zou-Nagy [7]. Oxford 102 and
Oxford 17 are two publicly available sets of flowers that have been
widely used. The images have large scale, pose and light variations.
The former set contains 8189 images from 102 flower categories
with 40-258 images per category of various image size, while the
latter consists of 1360 flower images from 17 categories, with 80
images in each category of various image size. Some flowers from
the Oxford 17 are part of the Oxford 102. The third dataset which
was compiled by Zou and Nagy consists of 612 flower images from
102 categories. Each category consists of six images and each image
size is 300 x 240 pixels.

The variability of flower appearance, pose, zoom and surround-
ing objects is large in the Oxford images compared to Zou-Nagy.
Flower images in the latter were consistently taken from a specific
range of camera angle and distance. Therefore, this allows the flower
images in this dataset to be more consistent and easier to distinguish
(Fig. 4(a), 4(b) show some random but representative examples).
On the other hand, Oxford flower images have greater variation as
shown in Fig. 4(c), 4(d).
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Fig. 4: Sample images from the three datasets to show the com-
plex variability, (a) and (b) are from Zou-Nagy, (c) from Oxford 17
(cropped for better visualisation), (d) from Oxford 102.

4.2 Evaluation metrics

We propose several metrics to provide an insight into the accuracy
of segmentation, detection and classification methods. Moreover,
our accuracy measures allow us to do direct comparison with other
published results.

For flower segmentation, we use pixel overlap score which is also
known as intersection over union (/oU). IoU measures the percent-
age overlap of the intersected manual and automatic segmentation
over their union (Eq. (5)). We only measure the overlap for the
foreground object, i.e., the flower; and ignore background pixels.
Overlap score has been used in some flower segmentation methods
such as [51, 52]. The overlap value ranges from O to 1 such that the
higher the value the more accurate the segmentation.

|[Manual N Automatic|
|[Manual U Automatic|

IoU = )

where | . | is the cardinality of a set. Since our classification method
is not sensitive to very accurate segmentation because it relies on
a rough detection of the flower region, we evaluated the accuracy
of flower detection. We propose a box overlap metric between the
minimum bounding boxes around the manual and automatic seg-
mentations. We compute the box IoU (Bj,y) which measures the
box overlap between the manual and detected boxes. In addition, to
decide the most acceptable threshold for Bj,y, i.e., the IoU thresh-
old above which the two boxes are considered overlapped enough,
we find BZ\'; erlap (Eq. (6)) which computes the percentage of images
having Bj,y greater or equal to an /oU threshold th. The value of th
is varied between 0 (no overlap) to 1 (complete overlap).

h _ |images : Broy > th|
overlap — |irnages|

B (6)

Classification accuracy (acc) is measured as the number of correctly
classified images over the total number of images such as

limages : predicted class = manual class|
c= .
limages|

(O]

To understand the importance of the data augmentation step, we
report the results of the evaluation metrics with and without data
augmentation.

Finally, we perform cross fold validation to ensure that our
reported result is complete. Because of the difference in the num-
ber of images in each dataset, we use 3-fold cross validation for
the Oxford 17 and Nagy datasets and 5-fold cross validation for the
Oxford 102 dataset.



4.3  Implementation details

In the segmentation FCN and classification CNN, we resize all
images to 224 x 224 x 3 to provide a unified and normalised set of
images to pass through the networks. This also allows faster compu-
tation of convolutions and pooling [19]. All kernel sizes at the first
5 convolutional blocks in the FCN and CNN were 3 x 3 to provide
fine-detailed features at multiple scales as suggested by [19, 34]. In
the classification CNN, a 7 x 7 kernel size is used at blocks 6 and 7
to generate 1 X K feature maps which are then mapped at block 8 to
1 x N feature vector to represent the probabilistic values for the N
classes. The value of N is 17 in the Oxford 17 dataset, and 102 in
both Oxford 102 and Zou-Nagy datasets.

All our implementation code is written in C++ and uses the Caffe
deep learning framework [53]. Training was performed on a GTX
Titan X GPU with 12GB while testing was performed on a GPU
and CPU to report performance measures. Training an FCN model
varies between 4 to 8 hours depending on dataset size while train-
ing a classification CNN ranges between 16 to 36 hours. Testing an
unseen image on the FCN takes approximately the same time to do
the classification CNN. Overall, the system processes approximately
15 unseen images in one second on the GPU and 2 seconds per image
on the CPU (Intel® Core i7 4GHz).

5 Results
5.1  Flower segmentation and detection

Experiments were conducted over the three datasets. Table 1 shows
the mean + standard deviation of the segmentation /oU and the
detection accuracy (Bj,y), with and without the data augmentation
step. The accuracy has improved with this step by an average of 7.5%
in segmentation and 4.1% in detection.

Table 1 The overall mean (u) and standard deviation (o) of different flower
segmentation (IoU) and detection (B;,v ) results on the different flower datasets,
with and without data augmentation.

Dataset Augmentation Segmentation Detection
(Y/N) L0 IoU (%) p+0 By (%)

Oxford 102 N 73.6+15.1 81.0£16.4
80.3+14.7 85.9+15.5

Oxford 17 N 70.1+11.2 78.7+12.8
Y 79.7+£6.5 82.2+11.5

Zou-Nagy N 71.4£16.6 77.3+£16.7
Y 79.0+£17.2 81.3+19.3

We show in Fig. 5 box overlap (Byyeriqp) accuracy at different
thresholds on the different datasets, which shows no substantial dif-
ference between the datasets. We achieve 95% if we consider 50%
threshold while a stricter threshold such as 80% achieves 81%. No
image has had any Bj,y < 10% which means that our segmentation
model will always locate part of the flower in all images we used.
Therefore, because of the robustness of the FCN, all images were
used in the next step, i.e., the classification CNN.

Our mean [oU segmentation accuracy is approximately 80%
and is consistent on the different datasets. Other published flower
segmentation methods tested their work on Oxford 17 only, such
as [54-57] and presented a larger mean /oU. On the other hand,
the work in [52] achieved larger mean IoU but they dropped the
most complex 4 flower classes in their testing. Furthermore, we have
experimented on three datasets and all images have been included
in our evaluation. Figure 6 shows an example case where the detec-
tion is accurate although the segmentation accuracy is not perfect.
This suggests that our detection and consequently the classification
method are generally not sensitive to partial segmentation errors.

Oxford102

Detection acccuracy — B

Zou-Nagy

overlap
Oxford17
100% —_—
80%
o
=  60%
g
L 40%
20%
0%
BRI R R R
—TOLDOONTCTOLOOMOMN—TULOOMNE™TOLOOINT™—TWLOOMIS
T ANNNOOOSTTTONIOD OO ON~NNS0000DND
Threshold

Fig. 5: Box detection accuracy at different thresholds.

5.2 Flower classification

Our CNN classifiers provide excellent results on all datasets. We
achieved a classification accuracy of 99.0%, 98.5% and 97.1% on
Zou-Nagy, Oxford 17 and Oxford 102 respectively. Tables 2, 3,
4 show the accuracy we achieved on the different datasets along-
side recent state-of-the-art results from other groups. For each entry
we report if a segmentation step is used first to localise the flower
region before the classification takes place. The accuracy of the pro-
posed method and the second best one are highlighted. We also
show results with and without data augmentation to demonstrate the
importance of this step.

To demonstrate the effect of the flower detection step on the
accuracy of the proposed method, we report the result of flower
classification using CNN with no segmentation step in the Tables.
The classification CNN ‘CNN only’ has been trained and tested
on the original images and the method shows reasonable results.
However, the accuracy of the proposed FCN-CNN outperforms the
‘CNN Only’ method. Furthermore, having a flower segmentation
and detection step is more important in classifying flower images
from the Oxford datasets than the Zou-Nagy dataset; it improves the
accuracy in the former dataset by 7%, and 3% in the latter.

Table 2 Flower classification accuracy on Zou-Nagy dataset.
Method

Segmentation Classification

(Y/N) accuracy (%)
FCN-CNN w/ augmentation (proposed) Y 99.0
FCN-CNN w/o augmentation Y 95.4
CNN only N 96.1
CAVIAR[7] Y 93.0
Hsu et al. [11] Y 77.8
Saitoh et al. [54] Y 65.5

(@ (e)

Fig. 6: Segmentation and detection example, (a) original image,
(b) manual segmentation, (c) automatic segmentation, (d) minimum
bounding box of (b), (¢) minimum bounding box of (c).
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Table 3 Flower classification accuracy on Oxford 17 dataset.
Method

Segmentation Classification

(Y/N) accuracy (%)
FCN-CNN w/ augmentation (proposed) Y 98.5
FCN-CNN w/o augmentation Y 93.8
CNN only N 91.4
Nilsback and Zisserman [5] Y 88.33
FDDL-FHL [8] Y 97.8
Color attention [9] N 95.0
GHM LocSaliency [14] N 93.5
BiCoS [15] Y 91.1
Multi-scale fusion [17] Y 91.39
Het. co-oc. feat. [28] N 94.19
CEC [29] N 93.7
GRID-FLH [30] N 94.0
Harr-like trans. [31] N 91.87
GRLF [32] N 91.7
mTDP [39] N 94.8
H-DSR [42] N 87.1
Inception-v3 [46] N 95.0

Table 4 Flower classification accuracy on Oxford 102 dataset.
Method

Segmentation Classification

(Y/N) accuracy (%)
FCN-CNN w/ augmentation (proposed) Y 97.1
FCN-CNN w/o augmentation Y 94.3
CNN only N 90.6
Nilsback and Zisserman [5] Y 72.8
CNN-RI-Deep [10] N 94.01
TriCoS [13] Y 85.2
PRICoLBP [16] Y 84.2
Metric forests [25] N 93.51
GMP [26] N 84.6
VA [27] N 86.31
CNN-HFL [35] N 83.35
ONE-SVM [36] N 86.82
CNNaug-SVM [37] N 86.8
MsML+ [38] N 89.45
Zheng et al. [40] N 95.6
WTA [41] N 83.2
Liu et al. [43] N 84.0
CFN [44] N 82.6
Pro-CRC [45] N 94.8
Inception-v3 [46] N 94.0
SCDA [47] N 92.1
LG-CNN [48] Y 96.6

Classification accuracy has improved in all datasets when using
data augmentation as demonstrated in Tables 2, 3, 4. The improve-
ment in classification accuracy is 3.6%, 4.5%, 2.8% in Zou-Nagy,
Oxford 17 and Oxford 102 respectively. Oxford 102 has the least
improvement because it is the dataset with the largest number of
images per-class. Oxford 17 is the dataset which benefits the most
although Zou-Nagy has fewer images per class. This could have hap-
pened because the variability in the Oxford 17 dataset is much larger
and hence data augmentation helps make the classification of this
dataset more robust.

The proposed method fails on few cases. The main reasons might
be due to incorrect manual annotation, close similarity in appearance
of different flower classes, and large difference in flower appear-
ance compared to other images from the same class. Figure 7 shows
two images from two classes where one image is correctly classified
while the other fails. It is clear that images from the same class could
vary significantly in appearance, shape and pose.

6 Conclusion

A deep learning-based method to segment, detect and classify flower
images is presented in this paper. Novel ideas are demonstrated in
this work which make the method robust and successful on a variety
of datasets. Unlike other methods which rely on handcrafted fea-
tures, the proposed method learns the most discriminative features
within a deep learning framework. Segmentation and detection of

IET Research Journals, pp. 1-8
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Fig. 7: Example of correctly and incorrectly classified images, (a)
and (b) are from the same flower class while (c) and (d) are from
another class, (a) and (c) are correctly classified while (b) and (d)
are misclassified. Fig. 7(c) is cropped for better visualisation.

the minimal flower region allows for a more accurate classification
because it allows the classification CNN to focus on the region of
interest while excluding non-discriminative regions.

To our knowledge, this work demonstrates the best flower clas-
sification accuracy to-date. The main contributions which helped
in achieving superior results compared to other approaches can be
summarised as follows: First, the use of CNN allows a more robust
classifier because it allows learning better features compared to
hand-crafted features used in classical approaches. Second, locali-
sation of the flower simplifies the classification task which means
that a two-step approach is better than a one-step classification in
such applications. Third, the transferred weights from the pre-trained
model such as VGG-16 and consequently from the segmentation
FCN to the classification CNN allows faster convergence and a more
accurate solution when optimising the weights. Fourth, gradual CNN
learning and avoiding local minima provide a progressive learning
of the classification CNN via (1) learning low-level, mid-level and
high-level layers independently then optimising all layers, and (2)
an automatic restart of the optimiser by suddenly increasing the
learning rate a few times during training. Finally, the proposed data
augmentation step makes the CNN more robust, as demonstrated by
the results. This step improves the CNN classification because it adds
rotation-aware information to the CNN and it allows robust learning
when the variability of flower shape, pose and appearance is huge.

We developed a good binary segmentation method for the flower
region, though the main aim of this work is to propose an accu-
rate and robust classification method. The classification accuracy
approaches perfection on the three datasets. The proposed method
is very accurate and only 168 out of more than 10 thousand images
were misclassified from all datasets. Finally, although we show
the applicability of the proposed method on the flower classifi-
cation problem, our method can be applied to other applications
which share similar challenges with flower classification. In addi-
tion, our proposed method might be suitable for use in applications
which allow sharing, annotating and organising meaningful content
in images such as Visipedia [58].
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