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Abstract: The fine-grained image classification task is about differentiating between different object
classes. The difficulties of the task are large intra-class variance and small inter-class variance.
For this reason, improving models’ accuracies on the task heavily relies on discriminative parts’
annotations and regional parts’ annotations. Such delicate annotations’ dependency causes the
restriction on models’ practicability. To tackle this issue, a saliency module based on a weakly
supervised fine-grained image classification model is proposed by this article. Through our salient
region localization module, the proposed model can localize essential regional parts with the use
of saliency maps, while only image class annotations are provided. Besides, the bilinear attention
module can improve the performance on feature extraction by using higher- and lower-level layers
of the network to fuse regional features with global features. With the application of the bilinear
attention architecture, we propose the different layer feature fusion module to improve the expression
ability of model features. We tested and verified our model on public datasets released specifically for
fine-grained image classification. The results of our test show that our proposed model can achieve
close to state-of-the-art classification performance on various datasets, while only the least training
data are provided. Such a result indicates that the practicality of our model is incredibly improved
since fine-grained image datasets are expensive.

Keywords: fine-grained image classification; different layer feature fusion; attention model

1. Introduction

Image classification is gaining increasing attention mainly for its wide use in the Internet of Things,
self-driving cars, security, medical treatment, etc. People’s daily life has been changed by the use of
computer-based automatic classification and recognition. Nonetheless, such usage is facing growing
challenges for people who are no longer satisfied with getting coarse-grained classification results
but desire finer-grained ones. Different from general object classification, which aims to distinguish
basic-level categories, fine-grained image classification focuses on recognizing images that belong
to the same basic category but not the same class or subcategory [1,2]. For instance, in the security
domain, while monitoring vehicles passing through checkpoints, not only coarse-grained information
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like the types of vehicles (SUV, sedan, truck, and so on), or brand (Volkswagen, Mercedes Benz, BMW,
or so) are wanted but also more accurate and fine-grained information like the models of vehicles
(Volkswagen Sagitar 2006–2011, Volkswagen Sagitar 2012–2014, BMW 3 Series 2013–2014, and so on)
are wanted. This finer-grained information will provide great help for case investigation, tracking
accident escape, deck, and fake vehicles to traffic law enforcement departments. Hence, with this
help, governments can maintain or even improve social stability. For this reason, fine-grained image
classification has great research value and broad application prospects.

Fine-grained image classification is an important research topic in the field of computer vision,
which aims to perform lower-level fine-grained classification upon higher-level coarse-grained
categories. The main challenge of fine-grained classification is that the differences between different
subcategories are usually subtle and local. In the related studies, it is usual to pre-process images
for the extraction of image features, like color, texture, and contour. Then, the extracted features are
used for training different models. During the test process, the same pre-processing procedure is
applied to the testing images for the extraction of features, and these features are fed into the trained
model to achieve classification results. Therefore, in the early stage, the bag-of-words method was first
proposed [3]. Traditional artificial features are fed into the model to extract the corresponding feature
vectors and obtain the final classification results. Wah et al. introduced the CUB200-2011 dataset [4]
and proposed some benchmark methods. However, their classification method for uncropped images
only achieved an accuracy of 10.3%. Their model was used to first locate regional areas, then apply the
bag-of-words method for encoding two different kinds of feature, RGB histogram features, and scale
invariant feature transform (SIFT) features [5]. The encoded features would be fed into a support
vector machine (SVM) classifier for image classification training. Such low accuracy is not satisfying.
This method is limited due to the regional area localization method they used being not accurate
enough; also, the artificially designed features cannot distinguish enough. Hence, many researchers
have proposed new feature descriptors based on their research, like part-based one-vs-one features
(POOF) [6], Fisher-encoded SIFT [7], supervised kernel descriptors for visual recognition (KEDS) [8], etc.
These methods, on fine-grained image classification, can reach an accuracy from 50% up to 62% [9,10].

From the early model design, we can see that the use of discriminative extracted image features
and feature encoding methods have a significant impact on the final classification results, which means
the better the methods that are used, the more discriminative features are used, and the better the
classification results. So, it can be seen that locating the regional feature area of images plays an
important part in achieving good classification results. However, annotating the regional feature area
manually is expensive, resulting in obvious defects on practical applications.

In recent years, deep neural networks have been widely used in the field of computer vision.
According to the annotations used during training, deep neural network methods are divided into
strongly supervised learning [11–15] and weakly supervised learning [16–18]. The strongly supervised
fine-grained image classification method is characterized by not only image category tag data but also
additional manual annotations, such as key points of annotations or regional area annotations that are
provided during training. Thus, strongly supervised fine-grained image classification methods require
additional manually annotated data, which makes these methods expensive and heavily restricts their
application area. For these reasons, strongly supervised methods may not be the most appropriate
choice for the actual classification tasks. Adopting the weakly supervised method is another big trend
in the field of fine-grained image classification research. How to find the most discriminative regions
has been studied by various researchers.

A weakly supervised fine-grained classification network based on two-level attention is proposed
by this article for tackling this problem. Our method consists of two parts. One of them is based
on salient region localization module. This module is designed for locating discriminative regions,
and it is trained while only using images’ categories as labels. The other one is the bilinear attention
module for fusing regional and global features. This module is used for extracting regional and global
feature from higher- and lower-level layers of bilinear neural networks separately. Then, we fuse these
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features to improve the features’ representation capability and construct our different layer feature
fusion module. The main contributions of our study are as follows:

1. The differences between different subcategories are usually subtle and local. Hence, how to
locate and distinguish the area has become key to solving the problem. An essential new
regional area localization method (salient region localization module) is proposed, which can
accurately locate and extract the most distinct regional areas and reduce the dependence of
manual annotation information.

2. We adopt the bilinear neural network for the extraction of global features and regional features,
which allows us to make better use of global features and regional features for training. The use
of the bilinear neural network allows us end-to-end train our model. Besides, using bilinear
neural network makes our model more stable.

3. Due to huge intra-class variance and small inter-class variance, a different layer feature fusion
module is proposed. First, we add center loss to our loss function to improve the distinction
between classes. In this way, we can reduce the impact of large intra-class variance and small
inter-class variance. Finally, we better guide the fine-grained image classification by combining
low-level visual features and advanced semantic information.

4. Our resulted model is trained without providing manually annotated essential areas while
reaching an accuracy of 85.1% on the CUB-200-2001 dataset. Our method’s resulting accuracy is
better than most strongly supervised method ones. This result shows that our model can reduce the
dependence on delicate manually annotated essential areas while maintaining acceptable accuracy.

The rest of this article is organized as follows. We first review the techniques related to the two-level
attention module, applications of the saliency module in weakly supervised image classification,
and the different layer feature fusion method in Section 2. Section 3 introduces our proposed network
architectures for fine-grained image classification. To verify the effectiveness of our method, extensive
experiments are performed in Section 4. The conclusion and future works are summarized in Section 5.

2. Related Works

The key to image classification is to extract the robust features of the object and form a better
feature representation. From the relevant studies, we can find that adding a weakly supervised
method to fine-grained image classification is a big trend in recent years. The application of the
weakly supervised method is mainly for reducing dependency upon delicate manual labels, especially
manually annotated essential areas. In order to apply the fine-grained classification methods to actual
tasks, many researchers have studied how to accurately locate and distinguish salient regions under
weakly supervised conditions, and then use Convolutional Neural Network (CNN) to extract features
from these detected regions. Previous work on fine-grained classification usually focused on part
detection to establish correspondence between object instances and reduce the impact of object posture
changes under strictly supervised settings.

2.1. Two-Level Attention Model

The attention mechanism has the ability to pay attention to certain content while ignoring other
content. The ITTI model introduced the attention mechanism for the first time, where it was used
for saliency detection [19]. Dzmitry employed a single-layer attention model to solve the problem of
machine translation [20]. The inception series expanded the width of the CNNs to achieve adaptability
to different convolutional scales [21–23]. Xiao et al. made an initial attempt at introducing a weakly
supervised method to fine-grained image classification [24]. The two-level attention module they
proposed is capable of casting attention on two different level features, which is similar to the object-level
and part-level feature of the strongly supervised learning method. The bilinear CNN (B-CNN) model
was proposed by Lin et al. for the reduction of redundancy caused by the candidate region extraction
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algorithm [25]. Similar to the two-level attention model, our model is built based on the bilinear
convolutional neural network.

2.2. Saliency Module in Weakly Supervised Image Classification

Peng et al. mentioned two basic concepts [1]: One is a collection of all feature maps for the same
convolutional layer, collectively referred as the "activation set", and the other is that an activation set
can be represented by a T-dimensional vector, which is called the “descriptor”. The method proposed
by Peng et al. is heavily influenced by hyperparameters, which makes their model very unstable and
hard to reproduce. Besides, their model is not end-to-end, which reduces its practicality. When using a
convolutional neural network for training, all feature maps of different depths of the convolutional
layer or feature maps in the same depth of the convolutional layer have different responses toward
the same image. Such a phenomenon is shown in Figure 1. The figure is from research produced by
Selvaraju et al. [26]. Therefore, making better use of each feature map will improve the performance of
the model for image classification. We use the weighted gradient-based algorithm for class activation
mapping in our method for this reason. This process is inspired by the process used in gradient class
activation mapping (Grad-CAM), which was proposed by Selvaraju et al. [26]. This process enables us
to eliminate the influence brought by different structures of convolutional neural networks.
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Figure 1. The figure above shows feature maps from different channels, generated with the Class
Activation Mapping via Gradient-based Localization (Grad-CAM) method by Selvaraju et al. [26].
From the figure above, we can see that Grad-CAM can easily locate salient places of different images.
Heat maps from different channels generated in this way have various focusing points. We use these
heat maps to extract regional features.

2.3. Different Layer Feature Fusion

Since different layers of convolutional features describe the characteristics of objects and their
surroundings from different angles, how to obtain low-level visual features while considering high-level
semantic information has become a new research hotspot in the field of image processing. Hariharan et al.
achieved better fine-grained segmentation, object detection, and semantic pixel segmentation by
aggregating low-level features with high-level features [27–29]. Jin et al. proposed the use of a recurrent
neural network to transfer high-level semantic information and low-level spatial features to each
other for the analysis of scene images [30]. Based on the saliency module and low-level attention
module, due to huge intra-class variance and small inter-class variance, this paper combines the
attention features of multiple intermediate layers and delivers them layer by layer. Finally, we better
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guide the fine-grained image classification by combining low-level visual features and advanced
semantic information.

3. Approach

The characteristics of fine-grained images are large intra-class variance and small inter-class
variance. The bilinear convolutional neural network can better pay heed to the regional features of
the images. Additionally, it has the capability of learning regional features, hence it is capable of
representing the relationship between regional features. What is more, it is capable of end-to-end
training without manual intervention.

We choose to use bilinear CNN as our baseline feature extraction neural network. We use features
from a high level and lower level of the network to calculate outer products, which are later used as
image features. Our model is based on the weakly supervised learning method. For this reason, we can
only use image class labels for training our model while not providing manually annotated essential
regional areas during our training process. By doing so, our proposed model reduces the dependence
on artificial annotation. The overall structure is illustrated in Figure 2. Our model is composed of
three parts.
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Figure 2. Overview of our neural network’s structure. The whole neural network is a two-level
attention model. The saliency module is used for locating salient regions of the target images, then
the bilinear attention module is used as our feature extractor. Finally, the derived features are used to
calculate the outer product to achieve the final fused feature.

First, the salient region localization module, which is used for locating salient regions of the target
images. The salient regions would be intercepted as the input to the first layer of the bilinear CNN.

The second part is the bilinear attention module, which serves as a feature extractor. The extracted
feature maps from this model are used as the parallel input of the maximum pooling layer and average
pooling layer, that is, each feature map is converted into two vectors, one containing maximum values
and the other containing average values. These vectors are used as descriptor vectors.

The third part is the different layer feature fusion module, calculating the outer product of features
extracted from the higher level and lower level of the network for fusion. Then, the fused features
are fed into the softmax classifier. During the training process, we construct an auxiliary mixed loss
function for better integration of the regional features and global features.

3.1. Salient Region Localization Module

Our model uses bilinear CNN to extract features. Then, a weighted gradient-based algorithm for
class activation mapping is applied on the resulting features. This process is inspired by the process
used in the Grad-CAM model, which was proposed by Selvaraju et al. [26]. This process enables our
model to eliminate the influence brought by varying structures of convolutional neural networks.
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Additionally, it grants our model the ability to generate visually interpretable feature maps. It also
makes our model capable of giving a score to a specific label when only one image and the target labels
are fed into our bilinear CNN model without training from the ground up or changing the original
CNN model’s structure. The score of the labels is obtained through the calculation of specific tasks.
For all labels, except the required, the labels’ gradients are set to 1; the rest of the gradients are set to 0,
and then the gradient is propagated back to the entire convolutional feature map. All feature maps are
combined by a precise method for obtaining heat maps of the given image. The resulting heat map
reveals the part that needs to pay more attention. Finally, we apply element-wise multiplication to
the heatmap and the directed backpropagation, using bilinear interpolation to up-sample the input
image’s resolution. Then, we merge the backpropagation results and visualization results to obtain
saliency maps, which are shown in Figure 3.
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After obtaining the generated saliency map, an adaptive maximum inter-class variance algorithm
is used to obtain the threshold according to the calculation [31], and the threshold is used for converting
the saliency feature map into a binary mask. Thereby, we can distinguish the background from the
foreground and highlight the differences between these two parts of the image. We use “1” for meaning
the specific position of the provided image is foreground, and “0” for meaning that the position is
background. Then, we apply the eight-connected region labelling algorithm to the foreground to locate
the target and label the target coordinates. The mentioned processes of the saliency model are shown
in Figure 4.
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We locate and obtain the most distinct regional area from the input image to generate the heat map.
We choose to generate heat maps as they can be visualized directly by adding to the original image.
We use the bilinear interpolation method to generate a heat map for the original image. The heat map
and the input image have the same size. The heat map will be combined with the original image.

However, different feature maps have a different region of response on original images, and the key
regional features are found to be not salient enough after visual analysis, so we cannot localize salient
targets with them. To solve this problem, we decide to sum over the d dimension of three-dimension
tensor D, which has the size h×w× d, turning it into a two-dimension tensor B, which has the size
h×w, to better localize salient targets. The addition equation is as follows:

B =
d∑

i=1

Ai. (1)

In the equation above, Ai is a feature map of the i-th channel. The fusion of multiple feature maps
through Equation (2) helps our model to enhance the feature information of salient areas, which in
turn makes it easier to locate regional salient areas more accurately. Each saliency map, having the
size of h×w, corresponds to all pixels in the h×w area. We also calculate a self-adaptive threshold, a,
using the OTSU algorithm [32]. With the derived threshold, we can turn a saliency map into a binary
map; the equation is as follows:

Bx,y =

{
1 Aix,y ≥ a
0 Aix,y < a

. (2)

For the processed binary image B, we perform a scan, and mark all pixels’ connection areas
according to the four-neighborhood rule. It is assumed a pixel is represented by f (x, y), where the f
produces the binary value of the pixel by x, y, which stand for the pixel’s location in image. And we
assume the connectivity domain tag of pixel f (x, y) is represented by m(x, y). When scanning f (x, y),
the scanning process is already done for f (x − 1, y) and f (x, y − 1), so their marks, m(x − 1, y) and
m(x, y − 1), are already known. Hence, the connected area mark m(x, y) of the pixel f (x, y) is only
relevant to the connected area marks of pixel f (x − 1, y) and f (x, y − 1), which are m(x − 1, y) and
m(x, y− 1). The equation is as follows:

m(x, y) =


m(x− 1, y) if f (x, y) = f (x− 1, y) and f (x, y) , f (x, y− 1)
m(x, y− 1) if f (x, y) , f (x− 1, y) and f (x, y) = f (x, y− 1)
m(x, y− 1) if f (x, y) = f (x− 1, y) and f (x, y) = f (x, y− 1)
Newlabel if f (x, y) , f (x− 1, y) and f (x, y) , f (x, y− 1)

. (3)

In the equation above, when the condition to the right of Function (3) holds, the marker number
of the connection mark is the same. At the same time, in the final case of Function (3), if the condition
is true that pixel f (x, y) belongs to the new connection domain, Newlabel = Newlabel + 1. Additionally,
we set the value of m(x, y) to the value of the new connected area mark Newlabel.

To better visualize the effect of the salient region localization module, we plot the bounding box
based on the resulting detected saliency regions. As shown in Figure 5, we visualize the effect of the
module on different fine-grained datasets. We can see that even for different fine-grained images,
all the regions of focus are detected accurately. Especially, most parts of the response will be in the
foreground of the target to be classified, and only a minority will be on the background of the target to
be classified.
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3.2. Bilinear Attention Module

In this module, we adopt the general purpose bilinear neural network method, which was
proposed by Lin et al. [24]. Their neural network can be mainly divided into the upper and lower level.
Each level uses the VGG neural network as a feature extractor. Images are fed into the upper and lower
network for the extraction of features. After that, the bilinear pooling function is performed on these
extracted features to combine these features. In the end, the combined feature is fed into the Softmax
layer for classification. Our model is based on the bilinear neural network. We propose a new module,
the bilinear attention module, which is shown in Figure 2. This module uses the upper-level network
Net-A to extract regional salient areas’ target feature fup, and uses the lower-level network Net-B to
extract the global target feature fdown. Then, the outer product is performed on these features to get the
bilinear feature B1. Then, we perform the outer product again to get the bilinear feature B2. The outer
product B is calculated with the following equation:

B = fup
T
· fdown. (4)

Feature B1 is obtained by performing the dot product on f 7∗7
up and f 7∗7

down. f 7∗7
up and f 7∗7

down are features
extracted from the upper- and lower-level networks’ 7 ∗ 7 convolutional layer separately. Feature B2 is
obtained by performing the dot product on f 14∗14

up and f 14∗14
down . f 14∗14

up and f 14∗14
down are features extracted

from the upper- and lower-level networks’ 14 ∗ 14 convolutional layer separately. Since the bilinear
feature Bi is a three-dimensional matrix with various sizes on each dimension, we need to transform
the two bilinear features into column vectors. Then, we concatenate these two resulting column vectors
into the new column vector B to enhance the relevance between each layer’s features, so that we can
fuse the regional and global features better. In the end, we feed the resulting column vector B into the
different layer feature fusion module for further processing.

3.3. Different Layer Feature Fusion Module

In this section, we will design a new layer fusion method to ensure that both the low-level visual
features and high-level semantic information are fully utilized. We perform a simple convolution
operation on each module in the network and combine them with the feature maps on the main path
to perform fine-grained image classification.

The Softmax function is widely used for constructing the loss function in image classification.
However, Softmax does not require intra-class compactness and inter-class separation, which is highly
unsuitable for fine-grained classification. Therefore, to use the loss function to force our model to learn
features with larger inter-class and smaller intra-class distances, we add the center loss function to
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improve the distinction between classes. Center loss will learn the centers of each class feature and
reduce intra-class variation for each feature according to their corresponding class centers. In this way,
we can reduce the impact of large intra-class variance and small inter-class variance. The definition of
the center loss function is as follows:

LC =
1
2

m∑
i=1

‖xi − cyi‖
2
2. (5)

In the equation above, cyi stands for the center of the yi-th feature. During each iteration, only class
centers relevant to the features are updated. The Softmax function consists of three parts: The loss
function PA for the upper regional feature classification network, loss function PB for the lower global
feature classification network, and fusion loss function P. Therefore, our loss function for the model is
defined as follows:

L = LP + αLPA + βLPB + λLC

= −
m∑

i=1
y′pi

log(yT
i ) − α

m∑
i=1

y′pAi
log(yT

i ) − β
m∑

i=1
y′pBi

log(yT
i ) +

λ
2

m∑
i=1
‖xi − cyi‖

2
2

(6)

In the equation above, y′pi
stands for the possibility on each category, which is produced by the

main neural network; yT
i is one hot encoded vector for stating each image’s label; y′pAi

and y′pBi
are

the probability on each category produced by the higher-level neural network PA and lower one PB;
cyi stands for the central feature of the i-th category; xi stands for the features of the input images;
and α and β stand for the weight of each module. Hyperparameters α and β are chosen based on
the cross-validation method, while parameter λ is set to 1. During the experiment, we adjust the
different weights to optimize the features extracted from each layer of the bilinear network, to optimize
the identification results of the entire model. Then, we set the weighting constant α = [0.3, 0, 5],
β = [0.5, 0.8], and λ = 1. With the loss function above, the regional and global features of the image
can be better used, which allows us to obtain a higher classification accuracy.

4. Experiments

In this section, we conduct several experiments to evaluate the performance of our models on the
fine-grained image classification task. Our experiments are based primarily on public fine-grained
image datasets. First, under the same hardware and software conditions, we compared the results
derived from using different higher- and lower-level network loss functions, the fused loss function,
and the central loss function for correlation comparison. The experiments to prove the validity of the
loss function were verified in two main ways. On the one hand, by verifying the effect of an increase in
the loss term on the final classification accuracy. On the other hand, by verifying whether increasing
the effective loss term can speed up the convergence of the overall loss function and steer the overall
loss function toward the right direction for convergence. Second, we compared the results obtained by
using a single network and the bilinear network to demonstrate the effectiveness of our network. Third,
to prove the advances of our network, we also compared our method with fresh relevant methods.

4.1. Datasets’ Settings

The CUB-200-2001 dataset, a few sample images of which are illustrated in Figure 6, has been
extensively used in the research of fine-grained image classification [4]. The CUB-200-2001 dataset
contains 11,788 images of birds, with 200 types of birds in general. Each has a different posture,
which results in large intra-class variance and small inter-class variance. Differences between classes
are normally small and regional, such as the beak, the color of the wings, or another regional area.
The dataset not only provides classification labels for all bird image data but also provides essential
part annotations. However, our method only uses a weakly supervised method, so only image label
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data was used in the model for training and testing. We used 70% of the data as a training set and 30%
for testing.
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Figure 6. Sample images from the CUB-200-2001 dataset.

The Stanford Dogs dataset provides images of data for 120 different types of dogs [33]. There are
20,580 images in total, including different perspectives and poses. Only target frame information is
provided, and key point information is excluded. The sample image data are presented in Figure 7.
In the figure, two distinct dog breeds are shown. From the analysis of the pictures, the backgrounds
of such a dataset are complicated, as some backgrounds are set on sofa, grass, etc. Hence, when we
used the Stanford Dogs dataset, in the data pre-processing stage, we cropped images according to the
provided label box to reduce the impact of the responsible background. Moreover, dogs of different
breeds in this type of dataset have large intra-class differences. We used 70% of the data as a training
set and 30% for testing.
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Figure 7. Sample images from the Stanford Dogs dataset.

The FGVC-Aircraft provides image data of 102 categories of aircraft [34]. Each category has more
than 100 diverse images. There are 10,200 images in total, and only label box information provided.
Sample images are presented in Figure 8. We also applied image cropping to such a kind of dataset
during our data pre-processing stage. We cropped the image according to the label box to reduce the
impact of the background. We used 80% of the data as a training set and 20% for testing.Appl. Sci. 2020, 10, x FOR PEER REVIEW 11 of 19 
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We used a subset of the CompCars dataset, which was proposed by Yang et al. [35], and contains
300,000 images of 500 categories of vehicles. We used 15 categories of vehicle type, 55 categories of
vehicle brands, and 250 types of vehicle models. Each type of vehicle has approximately 300 images,
covering rainy days, nights, foggy days, and different angles of view. We used 70% of the data as a
training set and 30% for testing. The visualization of the CompCars dataset is shown in Figure 9.
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4.2. Data Pre-Processing

In general, whether the data can be pre-processed effectively affects the final effect of the model to a
certain extent. For the case of only a few fine-grained image samples being available, we pre-processed
all available images (denoising, dimension reduction, normalization, standardization etc.) and applied
data expansion to avoid over-fitting.

4.2.1. Scale Cropping

Different fine-grained image datasets have different image sizes. However, the presence of the
Region of Interest (ROI) pooling layer allows any size image to be fed into the deep neural network.
Inspired by the idea of migration learning, we used the Inception v3 model that was pre-trained on
ImageNet data. For the input image, it needs to be cropped to the image size that Inception v3 requires
for input, which is 229× 229× 3. To a certain extent, it is possible to reduce the amount of data used for
training, and the fixed size of the image allows the convolutional neural network to better extract the
characteristic information from it.

4.2.2. Data Augmentation

To improve the classification accuracy and prevent overfitting, considering the huge amount
of network parameters, we need to adopt data augmentation for an increasing amount of data.
In our experiment, we used several methods to augment data from fine-grained image datasets,
making the number of training samples for each category relatively balanced. The methods we used
included randomly flipping and distorting images, randomly cropping images, randomly adding
noise, randomly modifying the contrast and saturation of images, etc.
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4.3. Comparison of Different Experiments

4.3.1. Evaluation Index

For the mentioned datasets, to better compare the performance of different algorithm models,
we used the classification accuracy as the evaluation index, and it is defined as follows:

accuracy =
nt

n
, (7)

where n stands for the total number of test samples and nt stands for the number of images predicted
correctly. Such an evaluation index can more intuitively reflect the classification performance of
the models.

4.3.2. Comparative Experiment of Different Loss Functions

To confirm the validity of the loss functions, we designed the comparative experiment using the
CUB-200-2001 dataset and compared the changes of the loss values of the functions when the number
of iterations increased. The experimental results are shown in Figure 10, where the behavior of the
different loss function is reported. The green curve refers to only the first term LP of the mixed loss
function proposed in this paper. The blue curve represents the addition of the auxiliary function LPA
to the upper-layer network. It can adjust the upper-layer network to make it more focused on the
regional feature information while enabling the model to converge faster and lower the overall loss
value. The pink curve indicates the addition of the auxiliary classifier term LPB in the lower-layer
network, which allows the lower-layer network to adjust its extracted global features. Since the global
features extracted by the lower-layer network have more abundant characteristic information than
the regional features, the loss value is decreased more, and the classification accuracy is increased.
The remaining curve, the orange one, is the variation curve of the mixed loss function proposed by
this paper. The loss value of the model in the training process is close to 0. At the same time, in this
curve, we can see a significant downward trend in the loss values and a significant increase in the rate
of convergence. In addition to adding two auxiliary classifiers, the central loss function is added to
reduce the intra-class variance and increase the inter-class variance. Additionally, the results in Table 1
show that the accuracy of the identification can be effectively improved.Appl. Sci. 2020, 10, x FOR PEER REVIEW 13 of 19 
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Table 1. Accuracy of different loss functions.

Loss Functions CUB200-2011 (Accuracy)

LP 81.12%
LP + αLPA 82.43%

LP + αLPA + βLPB 83.81%
LP + αLPA + βLPB + CentralLoss 84.12%

In the test partition of the CUB200-2011 dataset, there were approximately 20 images for each
category. We compared obtained accuracies of the model using different loss functions, and chose
to set α = 0.3 and β = 0.6. The results are shown in Table 1. The accuracy of the model proposed
in this paper reached 84.12% on public datasets. This result is better than some strong supervised
learning methods and some weakly supervised learning methods mentioned in the related works in
the first chapter.

4.3.3. Classification Results of Different Network Structure

The basic network structure of the model proposed in this paper is based on Inception v3. For this
reason, in our experiments, we used the parameters from the Inception v3 model pre-trained on the
ILSVRC2012 dataset to initialize our model’s parameters. For the CUB200-2011 dataset, we used a
single network structure to classify fine-grained images, such as Inception v3 and DenseNet.

For the bilinear model, we used B-CNN proposed by Lin et al. [25]. The experimental results
are shown in Figure 11. Although the single network structure can improve the accuracy of image
classification to some extent when increasing the depth of the network, its performance is still weaker
than the bilinear model. Hence, we can derive the conclusion that the bilinear deep neural network can
make better use of the relationship between regional features and global features. At the same time,
our method runs with only 5M parameters, while achieving a classification speed of 48 frames per
second. From the derived experimental results, our proposed method obtained a better performance
than B-CNN, reaching a classification accuracy of 85.1%.Appl. Sci. 2020, 10, x FOR PEER REVIEW 14 of 19 
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4.3.4. Comparison of State-of-the-Art Algorithms

We intended to prove that our model is more versatile and advanced in different fine-grained
datasets. Therefore, we compared our method in the different datasets, CUB-200-2001, Stanford Dogs,
and FGVC-Aircraft, with current state-of-the-art methods. Considering the existing methods have
significant differences in the performance on different datasets, we chose to use the classification results
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on the corresponding datasets recorded in the relevant papers during our comparison. The comparison
results are shown in Tables 2–4.

Table 2. Classification accuracy on the FGVC-Aircraft dataset.

Model Accuracy

B-CNN [25] 83.76%
OPAM [1] 84.01%

Multi-scale Granularity [17] 81.71%
Ours 84.23%

Table 3. Classification accuracy on the Stanford Dogs dataset.

Model Accuracy

PD [36] 72.0%
SCDA [37] 78.8%

B-CNN [25] 81.1%
PIR [38] 80.4%

Ours 80.6%

Table 4. Classification accuracy on the CUB 200-2011 dataset.

Model Label Box Essential Points Accuracy

Part-Based R-CNN [13]
√ √

73.5%
Pose Normalized CNN [15]

√ √
75.7%

Deep LAC [14]
√ √

84.1%
PG Alignment [39]

√
82.8%

VGG-BGLm [40]
√

80.4%
PIR [38] 79.3%

SCDA [37] 80.5%
B-CNN [25] 84.1%
OPAM [1] 85.83%

Multi-scale Granularity [17] 82.5%
PD [36] 84.6%

Ours 85.1%

Because the CUB200-2011 dataset provides essential points data, when we compared the performance
on the dataset, we chose to compare our method with strongly supervised methods. Table 5 shows
the classification labels of some of the images in the CUB 200-2011 dataset by advanced methods.
The text in red indicates an incorrect classification result. As we can see from the typical test images,
without the corresponding injection of manually supervised information, our classification remains
accurate for images with small inter-class differences and large intra-class differences. Additionally,
there are fewer instances of classification failures due to differences in the perspective and background.

From the tables above, we can see that our method has a great performance on the Stanford Dogs
and FGVC datasets; also, our method reaches an accuracy of 85.1% on the CUB-200-2001 dataset,
which is better than some strongly supervised algorithms, indicating that weakly supervised methods
can reduce the dependence on manual data labelling and improve the practicability of the algorithm
while ensuring a certain accuracy. Our accuracy is higher than the OPAM proposed by Peng et al.
on the FGVC-Aircraft dataset [1]. On the CUB 200-2011 dataset, our accuracy is very similar to the
OPAM method proposed by to Peng et al. However, OMPA runs with roughly 35 M parameters,
which is seven times the number we used, and only achieves a classification speed of 4 frames per
second. We reduced the number of parameters while increasing the speed of detection and ensuring
classification accuracy.
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Table 5. Test image results on the CUB 200-2011 dataset: the red text represents misclassification.

Ground Truth Glaucous_Winged_Gull Gray_Kingbird Pine_Grosbeak Tropical_Kingbird

Input image
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To verify that the proposed model has good performance on the challenges faced in the project,
we also tested our model on the CompCars dataset.

To compare the classification results of different vehicle hierarchy features, the existing vehicle
labels were divided into three hierarchical labels according to the vehicle hierarchy division method.
Since the dataset we used is not a public dataset, we reproduced some related algorithms for fine-grained
image classification on our dataset. Through the experimental comparison, it can be known that in
the case of large classification labels, each method has a good performance, and the highest accuracy
is up to 98.35%, and the accuracy of the model proposed in this paper is close to the state-of-the-art
one. When the image label is configured as the vehicle brand, the classification accuracy decreases
as the category to be classified increases. The proposed model has better stability and has a little
decrease in accuracy. Under the third level of 250 types of vehicle model labels, all algorithms have a
significant decrease in accuracy. It can be seen from Table 6 that through the experimental comparison,
the classification accuracy of the proposed model reached 90.56%, which is on the brink of the latest
classification accuracy results reported on CVPR obtained by Fang et al. [41], indicating that the model
proposed in this paper has certain superiority and practicability. At the same time, the evaluation
and metrics for the model in Fang et al. were optimized for the CompCars data set only. In contrast
to the deeper experiments above, we compared the results on multiple datasets to make sure our
model is not optimized for a specific dataset. Besides, we aimed to show that our proposed method
retains the advantages of end-to-end training and testing by adopting bilinear neural networks. Thus,
the generality and superiority of our proposed algorithm is shown in the test results from multiple
data sets.

Table 6. Different levels of vehicle label recognition results.

Model Vehicle Type (100%) Vehicle Brand (100%) Vehicle Model (100%)

Inception v3 98.12 90.32 80.45.
B-CNN [25] 98.57 95.71 90.31

Zhang et al. [42] 93.87 86.34 72.89
Hsieh et al. [43] 90.23 84.21 70.49
Fang et al. [41] 98.41 95.22 91.52

Ours 98.35 95.82 90.46

5. Conclusions

Our survey aimed to study the small inter-class variance and large inter-class variance characteristic
of fine-grained image data, and the dependence of labels. Based on our study, we proposed a new method,
which is based on the weakly-supervised learning method and saliency module, for fine-grained image
classification. The salient region localization module first extracts salient regional area information. Then,
the information is fed into the bilinear attention module. The higher-level layer of the bilinear neural
network is used for extracting the regional feature, while the lower-level one is used for extracting
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global feature. Fused features are extracted by calculating the outer product on features acquired from
higher- and lower-level layers, which can be utilized to construct the auxiliary hierarchical mixed loss
function. The different layer feature fusion module allows the neural network to better fuse regional
features and global features. The experimental results show our model can achieve great classification
results on various datasets, which demonstrate our model’s robustness.

In the future, we will mainly focus on improving the classification accuracy while having hundreds
of, thousands of categories to predict, for realizing end-to-end classification. Additionally, the method
proposed in this paper is based on the weakly supervised learning method, which allows our model to
accurately locate and extract the most distinct regional areas, and reduces the dependence of manual
annotation information.
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