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Abstract. Deep learning methods benefit from data sets with comprehensive coverage (e.g., ImageNet, COCO, etc.), which can be regarded as
a description of the distribution of real-world data. The models trained on these datasets are considered to be able to extract general features and
migrate to a domain not seen in downstream. However, in the open scene, the labeled data of the target data set are often insufficient. The depth
models trained under a small amount of sample data have poor generalization ability. The identification of new categories or categories with a
very small amount of sample data is still a challenging task. This paper proposes a few-shot fine-grained image recognition method. Feature
maps are extracted by a CNN module with an embedded attention network to emphasize the discriminative features. A channel-based feature
expression is applied to the base class and novel class followed by an improved cosine similarity-based measurement method to get the similarity
score to realize the classification. Experiments are performed on main few-shot benchmark datasets to verify the efficiency and generality of
our model, such as Stanford Dogs, CUB-200, and so on. The experimental results show that our method has more advanced performance on

fine-grained datasets.
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1. INTRODUCTION

in the application field based on deep learning, a backbone is
usually trained on large datasets, such as ImageNet and COCO.
Then the backbone is fine-tuned on the training set of another
new dataset, such as Cifar and Cub, and the model is tested on
the test set [1,2]. However, in many cases, the image data in
the training dataset are different from those in the fine-tuning
dataset not only in the domain but also in the category. Due
to different categories, the original network classification layer
cannot be used during fine-tuning. Because of the different do-
mains, the feature extracted by the backbone is not discrimina-
tive enough. Few-shot learning aims to learn new knowledge on
the base of a few labeled data, which has attracted researchers’
attention in the past two years for its application requirements
in the real world [3].

For few-shot learning, a model is trained to recognize an
object with a small amount of labeled data. Many methods
have been proposed to improve the performance of few-shot
learning, such as Siamese neural networks [4], prototypical net-
works [5], meta-learning [6—8], metric learning [9], and so on.
Siamese neural networks are twin networks with shared weight
matrices at each layer and are trained to discriminate between
a collection of the same/different pairs. Then it is generalized
to evaluate new categories based on learned feature mappings.
Prototypical networks aim to learn a metric space and classify
it by calculating the distance from the prototype representation
of each category. Meta-learning tries to learn how to deal with
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new tasks by learning multiple tasks. Metric learning focuses on
learning a good feature representation or relation measure [10].
Recently, few-shot learning methods based on metric learning
have drawn more attention for their simplicity and effective-
ness. Peng et al. proposed a novel Knowledge Transfer Network
architecture (KTN) for few-shot image recognition [11]. They
learn the metric model on the base of plentiful samples to spur
query samples to be close to the supporting samples and gen-
eralize it to novel classes [12—14]. Although research [15, 16]
about few-shot fine-grained recognition has been carried on,
the few-shot classification on fine-grained data is still a diffi-
cult problem, which is shown in Fig. 1.

Support

Fig. 1. Problems with fine-grained image recognition. The dog images
in support set are from different subdivided species and they are highly
similar except for some detail local features, such as ears, eyes, mouths

The visual representation and metric methods are the crucial
techniques of metric learning-based few-shot learning meth-
ods. A visual representation with strong generalization ability
makes a model still perform well when encountering extremely
strange or a small amount of labeled data. Recently, employ-
ing deep feature representations (i.e., Conv-4 and ResNet-12)
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for few-shot learning tasks has been verified to be more expres-
sive and effective than using global features. Although these
methods have achieved promising performance, the visual fea-
ture description methods are inadequately considered because
some more important local features are not emphasized, espe-
cially for some fine-grained images. Since local features can
provide discriminative information across categories, which is
important for image classification in the few-shot scenario, a
desirable metric-based algorithm should have the ability to uti-
lize the discriminative representations for metric learning and
minimize the impact caused by the irrelevant regions.

Metric learning methods embed samples into vector space
and compute the similarity score by a defined similarity func-
tion for classification. The similarity function is usually defined
according to the distance between the embeddings of the test
images and training images (e.g., Euclidean distance and Co-
sine distance, etc.). It is very important to define a similarity
function that is suitable for specific tasks to improve the per-
formance of the model. Snellet et al. analyzed the underlying
distance function used in order to justify the use of sample
means as prototypes [5]. They found Euclidean distance per-
formed better than the more traditional cosine metric. However,
the choice of the Euclidean metric was based on assumptions
of uncorrelated feature dimensions and uniform variance. Re-
cently, researchers suggest that it is problematic that Euclidean
distance is insensitive to the distribution of within-class sam-
ples with respect to their prototype [5, 17].

Since visual representation and the metric learning methods
are essential for few-shot image classification, especially for
fine-grained image classification, this paper focuses on feature
extraction and the metric learning methods of few-shot image
classification. in this paper, we propose a few-shot fine-grained
image recognition method, which extracts the discriminative
features of the query image and the support set, aiming to ob-
tain the most related features to the task. Calculate the similar-
ity scores and then renew the weights of channels to form the
final similarity scores. The main contributions and works are as
follows:

e This paper provides a few-shot fine-grained image recogni-
tion method based on attention and metric learning to im-
prove the performance of fine-grained image classification
and recognition in the case of a small number of samples.

e A channel-based feature expression is applied by embed-
ding an attention network to emphasize the discriminative
features of the base class and novel class. The proposed
metric measurement not only pays attention to the relation-
ship of image context but also emphasizes the importance
of local features.

e Experiments on fine-grained image datasets (i.e., Stanford
Dogs, CUB-200, and so on) show that our proposed method
achieved outperformance compared with the state-of-the-art
methods.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews related works. Section 3 introduces the pro-
posed method. Section 4 shows the experiment results. Sec-
tion 5 shows the experimental analysis, and Section 6 summa-
rizes our conclusions.

2. RELATED WORKS

2.1. Visual representation

Before deep learning was widely used, researchers designed
visual representation methods based on image gradient infor-
mation, such as SIFT (scale-invariant feature transform) [18],
HOG (histogram of oriented gradient) [19], and so on, which
are still widely used nowadays. Since 2012, the visual infor-
mation representation obtained through a deep neural network
called Imagenet has been widely used in many tasks, including
image segmentation, object tracking, human pose estimation or
extraction, geometric information extraction, and even medical
image processing [20]. The new visual information representa-
tion learned from the classification task replaces the original vi-
sual information representation carefully designed for specific
tasks, and achieves very high accuracy. Recently, channel-level
and pixel-level representation are considered together in deep
learning to achieve a comprehensive visual representation re-
cently [21].

2.2. Visual attention

The attention mechanism is used in deep learning to simulate
the characteristics of human attention to things [22]. It can be
broadly understood as focusing on part of the input for a spe-
cific task rather than seeing the entire input [23]. in 2018, Wang
et al. proposed a method that presented non-local operations
as a generic family of building blocks for capturing long-range
dependencies [24]. Hu et al. proposed a novel architectural unit
termed the “Squeeze-and-Excitation” (SE) block, which adap-
tively recalibrated channel-wise feature responses by explic-
itly modelling interdependencies between channels. It produced
significant performance improvements at a minimal additional
computational cost [25]. Woo et al. proposed a convolutional
block attention module (CBAM), a simple and effective atten-
tion module that can be integrated with any feed-forward con-
volutional neural network [26]. Unlike previous works that cap-
ture contexts by multi-scale feature fusion, Fu et al. proposed
a dual attention network (DANet) to adaptively integrate local
features with their global dependencies [27]. Jiang et al. de-
vised a simple and efficient meta-reweighting strategy to adapt
the sample representations and generated soft attention to refin-
ing the representation such that the relevant features from the
query and support samples can be extracted for a better few-
shot classification [21].

2.3. Metric learning

Distance metric learning is to learn a distance metric for the
input space of data from a given collection of pairs of simi-
lar/dissimilar points that preserves the distance relation among
the training data [21]. Learning a good distance metric in fea-
ture space is crucial to image classification tasks of real-world
applications. Tang et al. proposed a new generation operator
BlockMix by integrating interpolation on the images and la-
bels within metric learning [28]. Common distance functions
include Euclidean distance, standardized Euclidean distance,
Mahalanobis distance, Cosine similarity, and so on. Global dis-
tance metric learning attempts to learn metrics that keep all
the data points within the same classes close while separat-
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ing all the data points from different classes far apart. in [29],
a global distance metric was learned to minimize the distance
between the data pairs in the equivalence constraints subject
to the constraint and separate the data pairs in the inequiv-
alence constraints. in addition to general-purpose algorithms
for distance metric learning, some approaches tried to find
feature weights that are adapted to individual test examples.
Vinyals et al. used cosine distance to measure the gap be-
tween features [30]. Zhang et al. divided the image into mul-
tiple blocks and then introduces the earth mover’s distance
(EMD) [31].

3. THE METHOD

In this section, we first provide the problem formulations and
then present a framework of our network, introducing the vi-
sual feature representation, the channel attention module which
captures discriminative information in the channel dimension,
and the loss function.

The few-shot classification model is required to acquire
knowledge from the support set and classify the query samples
accurately. Given a few-shot classification task denoted as T,
there are a set of support samples denoted as S and a batch
of query samples denoted as Q. Train an N-way classifier on
a K-shot support set S, where Kis a small number of training
samples per class (e.g., K =1, K =15 or K = 10) and N is the
number of classes in S. Then test the classifier on a query set Q.

In order to accurately extract the local detail features of fine-
grained image data with strong distinguished ability and im-
prove the classification performance, we designed a few-shot
classification framework, which is shown in Fig. 2. Visual fea-
ture representation based on channel with cosine similarity met-
ric was applied.

We designed a channel attention module to capture the chan-
nel dependencies between any two-channel maps by using a
similar self-attention mechanism and updating each channel
map with a weighted sum of all channel maps. It significantly
improved the performance of classification by modeling rich
contextual dependencies over local features.

Local feature description was proved to be an efficient
method of obtaining the essential representations of a given
class of images [25, 32]. Since translating the local features of
an image into a compact image-level representation could lose
considerable discriminative information [33], local feature de-
scription with image-to-class measure was applied.

3.1. Visual feature representation

Feature vectors of images extracted through a feature extrac-
tor are expressed as H x W x C tensor. A N-way K-shot prob-
lem means there are N classes with K samples for each class
in the support set. Given a support set denoted as S,, where
n={1,...,N}, the feature can be represented as Fy,, and
Fs, € REXCXP C is the number of channels, H and W is height
and width of feature maps, respectively: P =H x W.

Each channel map of features can be regarded as a class-
specific response, and different semantic responses are associ-
ated with each other [28]. For the few-shot image classification
problem, each channel map of features is corresponding to the
local semantic representation of the image. The feature vectors
of the query set can be represented as FqC where C is the

uery>

number of channels, FqCuery = [X1,X2, -+, X;] € RP*C, and X is
the k-th channel feature descriptor.

Channel-based feature of the support set is denoted as F. Cn,
where FSCn =[Y1,Ya, -, Y] € REXKC Y, is the k-th channel fea-
ture descriptor of the support class S,. We embedded the SENet
into the framework to obtain the discriminative image features,
which are shown in Fig. 3.

The SE module determines the channel weight by the
squeeze and excitation operations. Squeeze operation com-
presses the feature in the spatial dimension to geta 1 x 1 x C
channel description. The feature map has a global receptive
field.

We compress the entire spatial information on a channel into
a global feature, and finally get C global features, which are
implemented by global average pooling. The formula is:

1HW

Zi=5 ), Y %)), (1

i=1j=1
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Feature

I1x1 xC
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/ CxHxW
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Fig. 2. Few-shot fine-grained image recognition method based on attention and cosine similarity-based metric. It provides an example of few-

shot classification of fine-grade data. There are images from 5 subdivided dog species in a support set and 5 or 10 samples in a query set.

An attention module is embedded in the model to enhance feature representation. Cosine similarity-based metric is used to evaluate the similarity
between the queried sample and samples in the support set
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Fig. 3. Weighting feature by the squeeze and excitation operations. Each channel gets a scalar through the global average pool, and C channels
get C scalars. C scalars between O and 1 are used as the weight of the channel after a full connection, ReLU, full connection and Sigmoid
operations. The weight corresponding to each channel of the original output channel is weighted to obtain the new weighted feature maps

Learn the relationship between channels through a full con-
nection, ReLU, another full connection, and sigmoid oper-
ations. The first full connection compresses 1 x 1 x C into
1 x 1 x C/r (the best effect is when r is 16), and the second
full connection is expanded into 1 x 1 x C. Then it is applied to
activate the function sigmoid (make the value between 0-1) to
get the weight matrix.

We multiply the learned weight coefficients of each channel
by all the elements of the corresponding channel to enhance the
important features, weaken the unimportant features, and make
the extracted features more directional.

3.2. Cosine similarity-based metric
Learning similarity aims to develop a well-defined similarity
metric which can fit the maps well. For the d-dimensional input
space, two arbitrary patterns are denoted as x and y, and the
class labels of x and y are I, and [, respectively. S(x,y) is the
similarity function. The intrinsic model of a similarity learning
problem can be defined as a map. If S(x,y) — 1, it is determined
that x and y are similar. Otherwise, x and y are dissimilar.
Cosine measures similarity as the angle between two vec-
tors, which is shown in Fig. 4. It has the advantage of not be-
ing sensitive to magnitudes and it is particularly used in high-
dimensional positive spaces to perform tasks such as informa-
tion retrieval and data mining.

Qi-S;
|Qi|x|5}'|

sim(QirSj) = cos(0) =

Fig. 4. The cosine similarity measure. The cosine similarity between
two patterns belonging to the same category is tend to 1

The cosine similarity of two patterns x and y is defined by:

d
in X Vi
i=1

; 2

where 0 is the angle between x and y. The similarity between
these patterns increases as cos(0) increases. in order to make
full use of the cosine similarity metric, it is advised to take the
different scales between the two patterns into consideration and
subtract the corresponding average from each pattern. The im-
proved cosine similarity of x and y is defined as:

Y (5= % 0i-5)

d
cos'(6) = = ; 3)

d d
where ¥ = (1/d) ) x; and = (1/d) ) y;. The similarity be-
tween the two imlagles is independent lofl light intensity by ap-
plying the adjusted cosine similarity metric.
We calculate the cosine similarity between the query image
and the k-th sample images of the j-th category of the support
set. The cosine similarity metric method is defined as:

~

; _-x)T. o
cloeyy) = X=X M(Y’_f @)

J

VulX =) MY, — )]
V(X —X) is the description of the query image by weighted
channel features, M(Y; —Y;) describes the k-th sample im-
ages of the j-th category of the support set by weighted chan-
nel features, k € [1,---,K] and j € [1,---,N]. V,,(X —X) and
M;(Y; —Y;) are defined as:

VX =X)" = [wi(Xi = X),--- . wi(X; = X)], (5

and
Mk(Yj—?j)T:[Wl (i =Yu), - owi (Ya = Y) ], (6)

where X; is the description of the query image by the i-th chan-
nel feature, Y;; is the description of the k-th sample images
in support set by the i-th channel feature, k € [1,---,K] and
ie[l,--,C.

[Vie(X —X)|| and || My (Y; —Y;)]|| are definedas:

Vo (X =%)| = % (x-X) % (x-%). @
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and

M (V= 75) || = M (6 -7) M (v,- 7). ®

The similarity between the query image and the images of the
Jj-th category of the support set is calculated by:

. K .
c(x,y) ==Y clx,y. ©)

For each X, there is Y; that is most similar to X, and

C](X,Yj) — 1.

4. EXPERIMENT

To evaluate the proposed method, we carry out comprehensive
experiments on MinilmageNet [30], CUB-200 [34], Stanford
Dogs [35], and Stanford Cars [36]. We report our results on
these four typical databases in the next subsections after intro-
ducing the datasets and implementation details.

4.1. Datasets
Figure 5 shows a few samples from MinilmageNet, CUB-200,
Stanford Dogs, and Stanford Cars.

- . "N
- 1 - — 7
M""lmageNet m - -
| ——

R

snford doss ﬁ )
|
- od

CUB-200 =

Stanford cars g
Fig. 5. Samples from MinilmageNet, CUB-200, Stanford Dogs, and
Stanford Cars. Unlike MinilmageNet, Stanford Dogs, CUB-200 and
Stanford Cars are fine-grained datasets used for few-shot classification

o MinilmageNet. The dataset has 60,000 images from 100
different categories and each category has 600 samples.
There are 64 categories in the training set, 16 categories in
the validation set, and 20 categories in the testing set.

e CUB-200. It is a fine-grained benchmark dataset. The dataset
has 11788 images from subdivided species of birds. There
are 100 categories in the training set, 50 categories in the
validation set, and 50 categories in the testing set.

e Stanford Dog. It is a fine-grained benchmark dataset. The
dataset has 20580 images from 120 subdivided species of
dogs. There are 70 categories in the training set, 20 categories
in the validation set, and 30 categories in the testing set.

o Stanford Cars. It is a fine-grained benchmark dataset. The
dataset has 16 185 images from 196 different types of cars
according to brands, models, and years. There are 130 cate-
gories in the training set, 17 categories in the validation set,
and 49 categories in the testing set.

Bull. Pol. Acad. Sci. Tech. Sci., vol. 71, no. 1, p. 144584, 2023

4.2. Implementation details

The model is verified on 5-way 1-shot and 5-way 5-shot tasks.
‘We implement our model by pytorch. Cross entropy loss is used
to train our model. During the training phase, the episode train-
ing mechanism is used to realize the end-to-end training. The
training epochs are set to 180 and the batch size is set to 8. The
initial learning rate is set to 0.01, and reduced by half for every
10 epochs. The number of query samples per class is set to 10.

4.3. Experimental results

o Experimental results on MinilmageNet

The experimental results on MinilmageNet are shown in Fig. 6.
The results of other algorithms are shown in Table 1, where

the confidence intervals are 95%.

Experimental results on minilmageNet 84,54

86 -
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Fig. 6. The experimental results on MinilmageNet. Comparison with

state-of-the-art methods (i.e., DSN [37], ConstellationNet [38], Deep-

EMD [31], PSST [39], FRN [40], BML [41] and MetaDeepBDC [42])
with 95% confidence intervals

Table 1
Experimental results on MinilmageNet
Method 5-way 1-shot 5-way 5-shot
DeepEMD [31] 65.91+£0.82 79.74+£0.56
PSST [39] 64.05+£0.49 80.244+0.45
FRN [40] 66.45+0.19 82.83+£0.13
BML [41] 67.04+0.63 83.63+0.29
MetaDeepBDC [42] 67.34+0.43 84.461+0.28
Our model 67.38+£0.39 84.544+0.42

We applied ResNet-12 as the backbone which has 4 residual
blocks with 3 convolutional layers in each residual block. Each
of the first three residual blocks is followed by a maximum pool
layer with a kernel size of 2 x 2, and a global average pool layer
follows the last residual block. Figure 6 shows that our model
achieved 67.38% accuracy on a 5-way 1-shot task and 84.54 %
accuracy on a 5-way 5-shot task. Compared with other methods,
the accuracy is almost the same with the MetaDeepBDC, which
has achieved fairly good performance on the 5-way 1-shot and
5-way 5-shot tasks.



www.czasopisma.pan.pl P N www.journals.pan.pl

N

J. Wang and D. Chen

o Experimental results on Stanford Dogs

Stanford Dogs is a commonly used fine-grained dataset. The
dog images in the support set are from different subdivided
species and they are highly similar excepting some details of
local features, such as the ears, eyes mouths, which are shown
in Fig. 1. The discriminative fine-grained features, such as gen-
der, age, posture, and so on, are difficult to be extracted because
they are too similar to be recognized even by human beings.
We applied the Conv-4 as the backbone of the feature extractor,
and re-implement the codes of ProtoNet, MatchingNet, Rela-
tionNet, GNN, MAML, DN4, and CovaMNet. The confidence
intervals are 95%. The experimental results on Stanford Dogs
are shown in Table 2.

Table 3
Experimental results on CUB-200

Method 5-way 1-shot 5-way 5-shot
ProtoNet 45.64£0.64 71.73+£0.48
GNN 51.83+0.52 64.59£0.45
DN4 54.65+0.61 78.64£0.47
MAML 55.24+0.49 72.18+£0.47
MatchingNet 58.73+0.18 66.73+£0.74
CovaMNet 59.64+£0.87 72.15+£0.77
RelationNet 60.45+0.73 76.38+£0.59
Our model 66.28 £0.66 80.06£0.59

Table 2
Experimental results on Stanford Dogs

Method 5-way 1-shot 5-way 5-shot
ProtoNet 36.42+£0.67 50.22+£0.34
MatchingNet 38.62+£0.58 47.314+0.37
RelationNet 42.89+£0.62 57.01+£0.40
GNN 44.62+0.76 46.98 £0.27
MAML 44.70£0.98 61.11+0.67
DN4 44.83+£0.65 63.02£0.56
CovaMNet 48.21£0.62 62.93+0.73
Our model 56.78 £0.89 69.23 £0.25

Although the experiments are carried out on a shallow back-
bone network, the effectiveness of our model can still be
proved. The accuracy of our model carried on the Stanford
Dogs dataset on 5-way 1-shot task and 5-way S-shot task
are 56.78% and 69.23%, respectively, which are significantly
higher than other methods. Because there are more samples of
each class in the 5-way 5-shot task than in the 5-way 1-shot
task, the accuracy obtained from the 5-way 5-shot task is higher
than that obtained from the 5-way 1-shot task by 21.93%.

e Experimental results on CUB-200

CUB-200 is another commonly used fine-grained dataset and is
also a challenging fine-grained dataset. Parts of the images in
CUB-200 are full of noise, occlusion, or light problems, which
are shown in Fig. 5. We applied the Conv-4 as the backbone of
the feature extractor, and re-implement the codes of ProtoNet,
GNN, DN4, MAML, MatchingNet, CovaMNet, and Relation-
Net. The confidence intervals are 95%. The experimental re-
sults on CUB-200 are shown in Table 3.

Table 3 shows that our model achieved better performance
than the other 7 mainstream methods on both the 5-way 1-shot
task and the 5-way 5-shot task. Since the improved cosine sim-
ilarity metric is independent of light intensity and the channel
pays more attention to extracting the discriminative features,
our model shows strong advantages in lighting, occlusion, and
other problems. For the 5-way 5-shot task, since there are more
samples of each class, our model achieved 80.06% accuracy in
the case of noise.

o Experimental results on Stanford Cars

Stanford Cars are proposed for fine-grained recognition in the
fully supervised setting and recently applied to the challeng-
ing fine-grained few-shot classification. We applied the Conv-4
as the backbone of the feature extractor, and re-implement the
codes of ProtoNet, MatchingNet, RelationNet, MAML, GNN,
CovaMNet, and DN4. The confidence intervals are 95%. The
experimental results on Stanford Cars are shown in Table 4.

Table 4 shows that our model achieved a great performance,
especially on the 5-way 5-shot task. The variances in Stanford
Cars are small. Since the model is trained to learn to find more
accurate evidence to make a decision, it is more challenging
than the generic datasets. Even for the difficult 5-way 1-shot
task, the accuracy of our model on Stanford Cars is improved
greatly and we achieved 69.98% accuracy.

Table 4
Experimental results on Stanford Cars

Method 5-way 1-shot 5-way 5-shot
ProtoNet 30.394+0.35 58.22+0.41
MatchingNet 36.47+£0.25 54.31£0.67
RelationNet 46.19+0.47 57.21+0.38
MAML 46.67£0.52 60.31+£0.52
GNN 55.534+0.48 68.98 +0.34
CovaMNet 54.36+0.61 71.05+0.68
DN4 59.214+0.83 88.14+0.69
Our model 69.98£0.78 89.84+£0.63

e Ablation study

The above experimental results show that our model is mean-
ingful, especially for the fine-grained recognition tasks. We per-
form a set of ablation studies to further investigate the effect of
each component in our proposed model. Conv-4 is applied as
the backbone of the feature extractor, and the confidence inter-
vals are 95%. The results are summarized in Table 5.

Bull. Pol. Acad. Sci. Tech. Sci., vol. 71, no. 1, p. 144584, 2023
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Table 5
Ablation study of our model
components
datasets 5-way 1-shot | 5-way 5-shot
CA|ICM |CM
Vv [49.67+0.22|66.23+0.41
N4 49.89+£0.45| 66.85+£0.19
Stanford Dogs
Vv Vv [53.024+0.63 | 68.114+0.53
NE RV 56.78 £0.89 | 69.23+0.25
v 159.844+0.34 | 75.89+0.29
Vv 60.03+0.31 | 75.95+0.28
CUB-200
v Vv | 64.624+0.52|79.24+0.49
N R 66.28 +0.66 | 80.06+0.59
v/ 1 62.984+0.33 | 86.03+£0.46
vV 63.11+0.47 | 86.08 +0.39
Stanford Cars

Vv v/ | 66.67+0.62 | 88.21+£0.58
N R 69.88+0.78 | 89.84+0.63

In Table 5, CA, ICM and CM are the abbreviations of the
channel-attention component, improved cosine metric compo-
nent and cosine metric component, respectively. in ablation
study, we applied Conv-4 as the backbone to extract features.
When we replaced the cosine similarity metric with the im-
proved cosine similarity metric and directly applied them on
feature maps, the experimental results on these three fine-
grained datasets show that the improved cosine similarity met-
ric has better performance than the cosine similarity metric al-
though the improvement of accuracy is insignificant. The ac-
curacy of our model is significantly improved when we apply
channel attention and improved cosine similarity metric, and
we achieved 56.78%, 66.28%, and 69.88% accuracy on Stan-
ford Dogs, CUB-200 and Stanford Cars, respectively, for the
difficult 5-way 1-shot task.

e Visualized features

We visualized the features by the Grad-Cam method in Fig. 7.
The input images are shown in the first line and the visualized
features by the Grad-Cam method are shown in the second line.

Fig. 7. The visualized results

As shown in Fig. 7, our method pays more attention to the
discriminative features, such as the dog’s eyes, ears, and feet.
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5. EXPERIMENTAL ANALYSIS

We carried out validation experiments on four data sets for both
5-way 1-shot and 5-way 5-shot tasks. Figure 6 reports a few-
shot classification performance on MinilmageNet. We applied
ResNet-12 as the backbone and compared the results with those
of the state-of-the-art models. Our model achieved comparable
performance with MetaDeepBDC. The rest of the experiments
are carried out on the more difficult fine-grained datasets with
the Conv-4 as the backbone of the feature extractor. Our model
achieved better performance compared with the state-of-the-art
models on the 5-way 5-shot task and the accuracy is signifi-
cantly improved on the 5-way 1-shot task. in the fine-grained
datasets, the discriminative fine-grained features, such as ears,
tails, eyes of dogs, eyes, and feathers of birds, brands and lights
of cars are difficult to be extracted. The channel-attention mod-
ule is applied in our model to effectively extract the discrimina-
tive fine-grained features. Figure 5 shows that some of the im-
ages in fine-grained datasets are full of noise, occlusion, or light
problems, especially in CUB-200. We applied the improved co-
sine similarity as a metric in our model. The ablation study
demonstrates the effectiveness of the channel attention and im-
proved cosine similarity components on Stanford Dogs, CUB-
200, and Stanford Cars for both 5-way 1-shot and 5-way 5-shot
tasks.

6. CONCLUSIONS

in this work, we proposed a few-shot fine-grained image recog-
nition method. Specifically, we embedded a channel-attention
module in the feature extraction net and applied an improved
cosine similarity metric to measure the similarity between
query images and images in the support set. Since the variances
in fine-grained datasets are small and each class contains only a
few images, they are more challenging than the generic datasets
like MinilmageNet and the recognition model needs to learn the
more discriminative features. This paper designed a channel-
attention module to emphasize the channels with more discrim-
inative features. To lower the dependence on the light inten-
sity, the corresponding average is subtracted from each pattern
in the improved cosine similarity metric. Experimental results
demonstrate that our method achieves state-of-the-art perfor-
mance, especially on three fine-grained benchmark datasets.
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