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Abstract

This research compares the recognition performance between pre-trained models, GoogLeNet and AlexNet, with basic Convolution Neu-
ral Network (CNN) for leaf recognition. Lately, CNN has gained a lot of interest in image processing applications. Numerous pre-trained
models have been introduced and the most popular pre-trained models are GoogLeNet and AlexNet. Each model has its own layers of
convolution and computational complexity. A great success has been achieved using these classification models in computer vision and
this research investigates their performances for leaf recognition using MalayaKew (MK), an open access leaf dataset. GooglLeNet
achieves a perfect 100% accuracy, outperforms both AlexNet and basic CNN. On the other hand, the processing time for GoogLeNet is

longer compared to the other models due to the high number of layers in its architecture.
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1. Introduction

As human moving towards development, many trees and plants
are deforestation to build buildings and houses for humans to live.
Ironically, plant is very useful for human and some of these plants
are at the risk of extinction. About 80% of Asian and African de-
pend on herbal medicine for cure purposes and it is cheaper com-
pared to modern medication. The importance of plants for human
is slowly forgotten by the younger generations. Therefore, it is
crucial to conserve and protect the information about these medic-
inal plants from extinction. With the current technology, research-
ers are able to develop and share databases to preserve this essen-
tial earth’s ecology. This database must be able to store various
information regarding medicinal plants including text and images,
and allow for accurate and efficient recognition process and re-
trieval of information. The development of this database allows
preserving the medicinal plant information for future uses. Fur-
thermore, it also helps the botanists to keep and preserved the
knowledge from extinction [1].

There are several ways to recognize a plant, like flower, root, leaf,
vein and fruit. Unlike flowers or fruits, leaves can be easily cap-
tured throughout the year [2]. Capturing the root of a plant is not
easily accessible as it may be harmful to the plant. Veins can only
be seen clearly for recognition purposes with good lighting.
Moreover, the leaf can provide enough discriminative features for
plant recognition. In recent years computer vision methodologies
and pattern recognition techniques have been applied towards
automating the procedures of plant recognitions. Various re-
searches on leaf recognition have been conducted but the accuracy
obtained so far has not reached 100% accuracy [2][3][4][5][6]-
This shows that there is still room for improvements to increase
the accuracy result.

Convolution Neural Network (CNN) has been introduced in the
past few years in computer vision with a remarkable accuracy
compared to state-of-the-art approaches [7]. It is a multi-stage
image processing and can extract high level hierarchical represen-
tations of data. It has been implemented in numerous pattern
recognition researches such as palm oil [8] and fruit [9]. The fea-
ture detection layer of CNN is obtained during the training pro-
cess; therefore it can avoid explicit feature extraction and implicit-
ly learns from the training data. Currently many pre-trained mod-
els have been developed to increase the performance and recogni-
tion rates and two of the popular models are AlexNet [7] and
GoogLeNet [10].

AlexNet was trained using ImageNet database that consist of 1.2
million images with 1000 classes of objects and manage to
achieve a better performance compared to handcraft features [7].
Large Scale Visual Recognition Challenge (ILSVRC) is a compe-
tition using ImageNet dataset where it evaluates object classifica-
tion on a large scale. In 2012, AlexNet model achieved a top-5
error of 16.4% for the classification of images into 1,000 possible
categories [10]. In the last few years, various advances in deep
CNN has been performed which manage to reduce the error rate to
3.57% [7]. While training large CNNs can be very time-
consuming, the trained models can classify images very accurate-

ly.

GooglLeNet is the winner of ILSVR 2014 with a top 5 error of
6.7%. It is different from AlexNet where it uses inception modules
[10]. The model uses different size of convolution and concatenate
filter for the next layer. AlexNet uses about 60 millions parame-
ters and shared similar structures. Meanwhile, GoogLeNet used 12
times fewer parameters and deeper models compared to Alexnet
[11]. GoogLeNet achieves a higher accuracy compared to AlexNet
in breast cancer detection [12]. On the other hand, AlexNet
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achieves a higher accuracy for palm oil grading recognition [13].
Therefore this paper aims to analyze the performance of basic
CNN, GoogLeNet and AlexNet for leaf recognition using a pub-
licly available dataset of the leaves.

The organization of this paper is as follows. The next section
discusses about the works related to this research. After that, ex-
planation about the architecture of CNN, AlexNet and GoogLeNet
is produced. Next, the results and analysis from the experiment
were discussed. Finally, this paper ends with conclusion and pos-
sible future work.

2. Related Work

In recent years, research in leaf recognition has attracted many
researchers because the outcome can be useful in agriculture and
heritage. Botanists can identify the name of plants by examining
the leaves. Farmers can identify some plant diseases through the
leaves. Knowledge about the use of medicinal plants is a heritage
that needs to be preserved and this can be done by observing the
leaves. Nutrients deficiency can also be identified through the
leaves. Thus, the importance of research in automatic leaf recog-
nition is important.

The process of automatic leaf recognition can be conducted in two
approaches, that are handcrafted and deep learning. In handcraft-
ed approach, suitable features need to be extracted before the
recognition process. Gray-Level Co-occurrence Matrix and invar-
iant features have been utilized for leaf recognition in [3] while
Histogram of Oriented Gradient (HOG) has been applied in [6].
In fact, a fusion of texture, shape and color has also been used in

[6].

CNN is a type of deep learning where the handcrafted feature
extraction process is automatically being performed within it.
This is possible due to the availability of tremendous amount of
data for training purposes. The development of pre-trained CNN
models such as AlexNet [16] and GoogLeNet [17] is also gaining
its popularity in object recognition. Comparison of recognition
performance among these CNN models has been conducted by a
few researchers. The accuracy results of both Alex and Goog-
LeNet have reached 99% for SAR target recognition [19], [20].
Thus, this research investigates the performance of these pre-
trained models for leaf recognition.

3. Research Method

3.1. Data Set

The MalayaKew (MK) dataset consist of about 2800 images from
44 different plant species were used in this experiment [14]. Each
plant species has its own different leaf characteristic such as elon-
gation, shape, size and colour. Each image is resized to 720 x 960
pixels using .png format. Fig. 1 shows some sample images of 10
species that were used in this research. Meanwhile, Fig. 2 contains
some detail information of each plant such as its scientific name
and the number of leaf specimens collected for each species. The
plant species were numbered from 1 to 15 and from 22 to 36 that
exhibit simple leaves, while species numbered from 16 to 21 and
from 37 to 40 have complex leaves structures.
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Fig. 1: Example of the leaf dataset [14].
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Fig. 2: Sample plant's scientific names.
3.2. Convolution Neural Network (CNN)

CNN is a deep learning method along with autoencoders, Boltz-
man machines and sparse coding. It is similar to feedforward
neural network where they are made up of neurons that stores
learnable weights and biases. The basic CNN or ConvNet is a
structure of layers where it consists of input layer, output layer and
many hidden layers between the input and output layers. There are
four main layers namely convolution, pooling, rectified linear unit
(ReLU) and fully-connected layer or the classification layer. In a
convolution layer, convolution operation is performed where fea-
tures from the input images are extracted over a set of convolution
filters and produces feature maps. The pooling layer reduces the
number of parameters of the feature maps where a nonlinear down
sampling is performed to simplify the output. Rectified linear unit
(ReLU) changes the negative values in the feature map into 0 and
remain the positive values. The fully-connected layer computes
the category scores where the output neuron with the highest score
is the classified result [15].

CNN trains data similar to the conventional feedforward neural
network. Each image is submitted through the layers until a loss
function is obtained at the top layer. Further, the loss is back-
propagated by adjusting the weights through the layers based on
Stochastic Gradient Descent (SGD) method. The process is re-
peated until a pre-defined number of training epochs is obtained.

Fig. 3 illustrated the CNN architecture for leaf recognition in this
research.
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Fig. 3: The basic CNN layers for leaf recognition.
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2.3 AlexNet

Two popular pre-trained CNN models investigated in this paper
are AlexNet [16] and GoogLeNet [17], winner of the ImageNet
Large Scale Visual Recognition Challenge (ILSVRC). AlexNet is
designed with deeper architecture where it has more filter layers
with stacked convolution layers compared to the basic CNN archi-
tecture. AlexNet is a combination of convolution and max pool-
ing on the first three layers followed by two single convolution
layer also known as dropout layer. The fifth layer of this single
convolution layer ended with max pooling layer. The other three
layers are fully connected layers. The output from fully connected
layers are sent to softmax layer where it produces 1000 probabili-
ties values for 1000 class labels [18]. For this research, the fully-
connected layers are fine-tuned to classify 40 different categories
since the dataset consists of 40 different leaf species.

Fig. 4 shows AlexNet architecture where it is designed to classify

1000 possible categories of images.
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Fig. 4: AlexNet architecture [15].
3.3. GoogLeNet/Inception

GoogLeNet architecture uses dubbed and inception model where it
involves three processes which are the batch normalization, image
distortions and Root Mean Square Propagation (RMSprop). To
drastically reduce the number of parameters, very small convolu-
tion is used in this model. It consists of 22 layers of deep CNN
but the number of parameters are reduced from 60 millions
(AlexNet) to 4 millions. Inception model is the key features of
GoogLeNet which means “network in network”. This inception
model uses parallel convolution of 1x1, 3x3, 5x5 filter together
with max pooling layer in parallel form. Therefore, this operation
is able to capture numerous types of features in the same form.
Filter concatenation layer simply concatenates the outputs of all
these parallel layers. GoogLeNet uses nine inception models
combined with the traditional convolutions and softmax for classi-
fication output [18].

Fig. 5illustrates GoogLeNet architecture used in this research.
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Fig. 5: GoogLeNet architecture [18].

4. Result and Discussion

A comparative study between basic CNN and pre-trained CNN
models, namely AlexNet and GoogLeNet, was demonstrated. This
experiment uses 44 species of leaves from MK Leaf dataset [14].
Five execution operations were conducted using the same parame-
ter settings for all models where eighty percent of the data is used
for training while the other twenty percent is used for validation,
and an average accuracy is recorded. The learning rate is set to
0.0001, the maximum epoch is set to 20 and the minimum batch
size is set to 40.

By referring to Table 1, we can see that the experimental results
show that GooglLeNet achieved the highest average validation
accuracy which is 100%. Meanwhile, AlexNet achieved 96% ac-
curacy and basic CNN arrived to 99% accuracy. However, Goo-
geNet shows the highest average elapsed time which is 41 minutes
and 5 seconds, followed by AlexNet with 2 minutes and 1 second
and the lowest elapsed time is basic CNN with 1 minute and 6
seconds. From the results obtained, it shows that GoogLeNet, the
winner of ILSVRC in 2017, outperformed AlexNet and basic
CNN. As mentioned earlier, GoogLeNet has more layers com-
pared to AlexNet and basic CNN where the accuracy gets better
when the number of layers increases. However, this theory is not
applicable for AlexNet where it has more layers compared to basic
CNN, but is less accurate. This possibly happen due to the in-
crease number of noises in the leaf dataset used in this experiment
compared to ImageNet where the data has less noises.

Table 1: Performance of average accuracy and elapsed time for Goog-
LeNet, AlexNet and basic CNN

Model Average accuracy Average Elapsed Time
GooglLeNet 100% 41 minutes and 5 seconds
AlexNet 96% 2 minutes and 1 seconds
Basic CNN 99% 1 minute and 6 seconds

5. Conclusion

In this paper, comparison between basic CNN, AlexNet and
GooglLeNet has been performed with respect to accuracy and
elapsed time. The experiment results show that GooglLeNet
achieves a higher accuracy rate compared to the other two models
which is 100%. However, GoogLeNet has the highest elapsed
time due to the number of layers and more deeper learning process.
The use of GooglLeNet is recommended for classification and
recognition when processing time is not an issue. More models
and more publicly available leaf datasets will be tested to achieve
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a perfect accuracy with much lesser processing time for future
work.
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