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Abstract: Endangered species detection plays an important role in biodiversity conservation and is
significant in maintaining ecological balance. Existing deep learning-based object detection methods
are overly dependent on a large number of supervised samples, and building such endangered
species datasets is usually costly. Aiming at the problems faced by endangered species detection,
such as low accuracy and easy loss of location information, an efficient endangered species detection
method with fewer samples is proposed to extend the few-shot object detection technique to the
field of endangered species detection, which requires only a small number of training samples to
obtain excellent detection results. First, SE-Res2Net is proposed to optimize the feature extraction
capability. Secondly, an RPN network with multiple attention mechanism is proposed. Finally, for
the classification confusion problem, a weighted prototype-based comparison branch is introduced
to construct weighted category prototype vectors, which effectively improves the performance of the
original classifier. Under the setting of 30 samples in the endangered species dataset, the average
detection accuracy value of the method, mAP50, reaches 76.54%, which is 7.98% higher than that
of the pre-improved FSCE method. This paper also compares the algorithm on the PASCOL VOC
dataset, which is optimal and has good generalization ability compared to the other five algorithms.

Keywords: object detection; few-shot object detection; attention mechanism; prototype network

1. Introduction

The crisis in biodiversity and the destruction of ecosystems continues to accelerate,
leading to the extinction of many species and the collapse of ecosystems on a global scale [1].
Endangered species play an important role in maintaining ecological balance and are key
in many scientific research fields, such as bionics, medicine, and pharmacology [2], so the
detection and research of endangered animals are of great significance. Deep learning
models have made significant progress, from the initial convolutional neural networks to
today’s hierarchical and complex network structures, such as SSD [3], YOLO [4], RCNN [5],
etc. Thangarasu [6] utilized AlexNet [7] and Inception v3 [8] to assess the KTH dataset,
revealing the superior performance of deep learning algorithms over machine learning
ones in animal species recognition. Pillai [9] introduced a transfer deep learning approach
employing super-resolution Mask RCNN [10] for bird recognition, enhancing input image
resolution using super-resolution technology. Borana [11] proposed a transfer learning
strategy for training neural models, leveraging pre-trained Mask RCNN to extract bird ROIs
from photos, followed by fine-tuning through transfer learning methods using datasets.
WilDect-YOLO [12] significantly enhances endangered species detection accuracy by in-
corporating a residual block into YOLOv4’s [13] CSP-Darknet53 [14] backbone, alongside
implementing spatial pyramid pooling and an improved path aggregation network. How-
ever, a common feature of these networks is their more significant reliance on large-scale
data. Considering the limited number of endangered animals and the relative difficulty in
obtaining their image data, while traditional object detection networks require large-scale
data support, applications in endangered animal scenarios face multifaceted challenges.
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In contrast, few-shot object detection (FSOD) [15–17] provides a solution designed
to be able to quickly detect new objects from a very small number of annotated samples
of new classes. FSOD is generally divided into two phases. Firstly, training on a base
class dataset with rich annotation information is performed to build a base class detection
model. Subsequently, the task of detecting new classes is accomplished with the minimally
annotated new class dataset and the prior knowledge provided by the base class model.
FSRW [18] is a lightweight meta-model based on YOLOv2 [19] that applies a reweighting
module to emphasize the importance of the class prototype vectors and uses meta-features
to facilitate the detection of new classes of objects. Fan [20] enhances information interaction
by introducing attention to the Region Proposal Network (RPN), and multi-relationship
modules are designed to facilitate the detection of new classes of objects by introducing
the Attention-Region Proposal Network and multi-relational modules to enhance informa-
tion interaction. Recent studies have shown that some fine-tuning-based few-shot object
detection methods outperform meta-learning-based methods. TFA [21] proposes a simple
transfer learning-based method to fine-tune only the last two fully connected layers of the
detector to detect new objects. FSCE [22] proposes a few-shot object detection based on
TFA by contrast proposal coding, which enhances the main region of interest (RoI) header
by using a contrast branch. FSOD has demonstrated good detection performance and
generalization ability on generalized datasets, such as Pascal VOC [23] and MS COCO [24].
However, in the case of endangered species with diverse and complex species, the highly
similar feature details among some categories lead to misclassification problems in FSOD.

In endangered species object detection, deep learning models mainly face the following
problems: firstly, the problem of inadequate feature extraction due to small sample data;
secondly, the problem of easy loss of location information due to the low quality of region
candidate frames generated by the RPN network; and lastly, the problem of classification
confusion due to the high degree of similarity between endangered species classes. In this
paper, we propose a few-shot object detection method AR-FSOD (few-shot object detection
with attentional RPN and weighted prototype branching) to address the above problems,
As shown in Figure 1, the training architecture is divided into two phases, starting with
training on a sample of the base class that is sufficiently exemplary, and then learning to
detect new objects from a small number of annotated samples of endangered species. and
the main contributions of this study are as follows:

• Improve the feature extraction network by adopting Res2Net, which has stronger fine-
grained expression ability, and introduce Squeeze-and-Excitation Network (SENet) to
solve the problem of inter-channel correlation reduction caused by channel grouping;

• Introducing Convolutional Block Attention Module (CBAM) between the feature
extraction network and the RPN, which assigns different weights to different features
to optimize the feature expression. The attention feature maps obtained through deep
inter-correlation are input into the RPN network to generate more accurate object
suggestion frames;

• Introducing a few-shot object detection scheme based on weighted prototype comparison
branching and constructing weighted category prototype vectors using category proto-
type metric idea. By calculating the cosine similarity between the category prototypes
and the query image, the performance of the original classifier is effectively improved;

• We demonstrate the effectiveness of this method from different perspectives and
achieve good detection accuracy on the Pascal VOC and endangered species datasets.
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Figure 1. The training architecture consists of two phases: base training and a small amount of fine-
tuning. Base training is performed using the Pascal VOC, while a small amount of fine-tuning is 
performed using a limited number of samples (K-shots) trained on the endangered species dataset. 

2. Fine-Tuning-Based Few-Shot Object Detection Algorithm 
The goal of FSOD is to rapidly detect new objects from a novel small number of sam-

ples. The FSOD method in this paper follows a two-stage process shown in Figure 2, 
where the classes of the training dataset can be categorized into the base class ( baseC ) and 
the new class ( novelC ). The whole process can be divided into two phases: first, learning 
transferable knowledge on the dataset baseD  with abundant samples; then, fast adapta-
tion on the new class dataset novelD  with only a small number of samples, usually only K-
shot ( 30K shot K− ≤， ). Note that the base class baseC  and the new class novelC  are non-
overlapping, base novelC C φ∩ = , so that the generalization ability of the few-shot detector 
can be effectively evaluated. In this paper, we make improvements on the basis of the fine-
tuning-based few-shot object detection method (FSCE), which not only has strong gener-
alization ability but also outperforms the meta-learning-based and metric-learning-based 
few-shot object detection methods in terms of detection accuracy. 

The FSCE method uses Faster R-CNN [25] as the base detection model. The Faster R-
CNN network consists of a backbone ResNet, a Feature Pyramid Network (FPN), RPN, 
and a two-layer fully connected sub-network as the feature extractor. First, the Faster R 
CNN is trained using rich base class samples ( train baseD D=  ). Then, the base detector is 
transferred to new instances of the balanced dataset and randomly sampled base instances 
( train base novelD D D= ∪ ) by fine-tuning the base detector to the new samples. The backbone 
feature extractor is frozen during fine-tuning, randomly initialized weights are assigned 
to the box prediction network for the new classes, and only the classification and regres-
sion network, the last layer of the detection model, is fine-tuned. 

Fine-tuning-based few-shot object detection methods have shown remarkable results 
in coping with few-shot object detection problems. However, when dealing with endan-
gered species, which are full of diversity and complexity, the feature details between some 
classes are highly similar, which makes the detection often misclassified, and the detection 
accuracy is not high. This paper addresses the above problems by firstly improving the 
feature extraction network backbone, secondly proposing the Attention-RPN, and finally 
introducing a weighted prototype comparison branch at the head of RoI to increase the 
inter-class differences so that the detection of endangered species can still show a high 

Figure 1. The training architecture consists of two phases: base training and a small amount of
fine-tuning. Base training is performed using the Pascal VOC, while a small amount of fine-tuning is
performed using a limited number of samples (K-shots) trained on the endangered species dataset.

2. Fine-Tuning-Based Few-Shot Object Detection Algorithm

The goal of FSOD is to rapidly detect new objects from a novel small number of
samples. The FSOD method in this paper follows a two-stage process shown in Figure 2,
where the classes of the training dataset can be categorized into the base class (Cbase)
and the new class (Cnovel). The whole process can be divided into two phases: first,
learning transferable knowledge on the dataset Dbase with abundant samples; then, fast
adaptation on the new class dataset Dnovel with only a small number of samples, usually
only K-shot (K − shot, K ≤ 30). Note that the base class Cbase and the new class Cnovel
are non-overlapping, Cbase ∩ Cnovel = ϕ, so that the generalization ability of the few-shot
detector can be effectively evaluated. In this paper, we make improvements on the basis of
the fine-tuning-based few-shot object detection method (FSCE), which not only has strong
generalization ability but also outperforms the meta-learning-based and metric-learning-
based few-shot object detection methods in terms of detection accuracy.

The FSCE method uses Faster R-CNN [25] as the base detection model. The Faster
R-CNN network consists of a backbone ResNet, a Feature Pyramid Network (FPN), RPN,
and a two-layer fully connected sub-network as the feature extractor. First, the Faster R
CNN is trained using rich base class samples (Dtrain = Dbase). Then, the base detector is
transferred to new instances of the balanced dataset and randomly sampled base instances
(Dtrain = Dbase ∪ Dnovel) by fine-tuning the base detector to the new samples. The backbone
feature extractor is frozen during fine-tuning, randomly initialized weights are assigned to
the box prediction network for the new classes, and only the classification and regression
network, the last layer of the detection model, is fine-tuned.

Fine-tuning-based few-shot object detection methods have shown remarkable results
in coping with few-shot object detection problems. However, when dealing with endan-
gered species, which are full of diversity and complexity, the feature details between some
classes are highly similar, which makes the detection often misclassified, and the detection
accuracy is not high. This paper addresses the above problems by firstly improving the
feature extraction network backbone, secondly proposing the Attention-RPN, and finally
introducing a weighted prototype comparison branch at the head of RoI to increase the
inter-class differences so that the detection of endangered species can still show a high
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detection accuracy with only a small number of samples. The improved detection network
is shown in Figure 2.
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Figure 2. Overall architecture of our proposed AR-FSOD.

3. Improved Algorithms
3.1. Feature Extraction Network

To address the problem of insufficient feature extraction in the detection framework
due to the sparse number of new class samples, SE-Res2Net is proposed, which consists
of the Res2Net [26] and SENet [27] modules. Res2Net is chosen as the backbone network
for feature extraction improvement. The Res2Net module groups the feature channels
and connects them hierarchically in the form of a set of filters, resulting in multiple, more
detailed sensory fields. This architecture not only helps to capture fine-grained multiscale
features but also increases the receptive fields of each network layer. However, the channel
grouping of Res2Net modules will lead to the loss of inter-channel correlation, and to
address this issue in this paper, we embed a Squeeze-and-Excitation block (SE block) into
the residual connections. The SE block enables the feature network to recalibrate the feature
responses between channels in an adaptive manner, thus enhancing the performance of the
Res2Net module.

The architecture of the SENet model consists of a convolutional layer, a compression
layer, and an excitation layer. The convolutional layer converts the input image into a
hidden layer feature map, and the relationship between the channels is implied in the
output feature map through fusion. The compression layer explicitly represents each
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channel with the help of neurons through a global pooling operation. The excitation layer
adaptively learns the relationships between channels through two fully connected layers.

The network structure of SE-Res2Net is shown in Figure 3, where the output of the
Res2Net module is passed into the SE module to reduce the effect of the loss of inter-channel
correlation caused by channel grouping. In this module, the features after channel grouping
are first compressed by global average pooling. Subsequently, the correlation between
channels is fitted using a fully connected layer and finally normalized using a sigmoid
activation function. The weight vector of the channels is denoted as f c = σ(FC(δ(FC(y′))),
where FC denotes the fully connected layer, and ReLU and sigmoid denote the activation
functions, respectively. The output of the SE module is realized by rescaling the original
features on the channel dimension. Subsequently, the inputs of the residual module
are output as weighted features through jump connections. The SE-Res2Net module
proposed in this paper emphasizes on residual mapping and reduces the invalid features
by redistributing the weights of the channel features, which helps the network to converge
and improves the stability of the model.
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3.2. Attention-RPN

RPN generates anchors while generating a region proposal. The softmax classifier
determines whether the anchors are foreground or background and then adjusts the anchors
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through border regression to obtain an accurate region proposal. Since the RPN network
obtained based on a large number of base training classes may generate many region
proposals that are not related to the object when detecting new categories, the classification
network is required to have a strong discriminative ability. At the same time, the RPN
network needs to filter out not only the background but also the region proposals that are
not part of the support set in order to reduce the number of region proposals and generate
category-specific region proposals, thus improving the accuracy of the subsequent network.

In this paper, we propose a novel CBAM-Attention-RPN network that integrates
the multiple attention mechanism with the RPN network. By using operations such as
mean pooling, deep convolution, and cross-correlation operations, the support set and
query set features are interrelated, and then these features are passed to the regression and
classification layers of the RPN network for further processing. The support set image and
the query image to be detected are regarded as the support image branch and the query
image branch, respectively, and they are subsequently input into the backbone network with
shared weights to obtain the corresponding support feature map and query feature map.
Specifically, if the support set contains N categories, there exist N support image branches.
The CBAM-Attention-RPN network utilizes a feature extraction network to extract features
from the support set images and query set images in order to efficiently generate proposals
for the target categories. First, the support feature map and the query feature map are
input via a CBAM module [28], and the features are enhanced and suppressed via channel
and spatial attention maps. Specific operations include a channel attention module, in
which channel information is compressed through global maximum pooling and average
pooling, channel weight coefficients are generated through neural networks, and finally,
these coefficients are used to generate the channel attention feature maps. In the spatial
attention module, global maximum pooling and average pooling of channel dimensions
are performed on the features obtained through the channel attention module, and then
the results are downscaled to one channel by convolution operation, the spatial weight
coefficients are obtained by using the Sigmoid activation function, and the CBAM attention
feature maps are generated through the channels and the spatial weight coefficients.

After the CBAM module generates the corresponding attention feature maps for
supporting feature maps and query feature maps, the idea of attention mechanism is
incorporated to further process the feature maps to construct Attention-RPN. The specific
steps of Attention-RPN are shown in Figure 4. First, the generated query set attention
feature Y is subjected to depth operation; then, the generated support set attention feature
X is subjected to mean pooling and depth operation to form a 1 × 1 × C vector; then,
this vector is used as a convolution kernel to perform deep inter-correlation operation
with the query set feature to generate an attention feature graph reflecting the support set
feature and query set feature correlation of the support set features and query set features
G. Finally, the obtained attention feature map is input into the RPN network for generating
region proposals.

The deep mutual correlation formula is as follows: for both input tensors, the support
set features are denoted as S, and the query set features are denoted as Q. The output of
deep cross-correlation Y is computed at each position (i, j) as follows:

Yi,j = ∑Hq−1
m=0 ∑Wq−1

n=0 ∑C−1
c=0 Si+m,j+n,c · Qm,n,c (1)

where (i, j) is the result of depth correlation at location (i, j). Si+m,j+n,c is an element of the
support set feature at location (i + m, j + n) on channel c. Qm,n,c is the element of the query
set feature at location (m, n) on channel c. Hq and Wq are the height and width of the query
set. C is the number of channels.

The results of deep mutual correlation are obtained by performing element-by-element
product of the local regions of the support set and the query set and summing them
up. Then, the softmax function is applied to the deep inter-correlation result to obtain a
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probability distribution indicating the weights at each position. The formula for applying
softmax to the depth inter-correlation result Y is given below:

softmax(Y)i,j =
eYk,l

∑k,l eYk,l
(2)

where softmax(Y)i,j denotes the value after applying softmax at position (i, j), which
represents the weight at that position. eYk,l denotes the exponent of Yi,j and the denominator
part ∑k,l eYk,l denotes the sum of the exponents of all positions when applying softmax to
the whole depth correlation result.
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3.3. Weighted Prototype Comparison Branch

The FSCE method introduces contrast learning to improve the classification perfor-
mance based on the fine-tuning-based TFA. Positive samples for contrast learning methods
are often obtained from the samples themselves, while negative samples are randomly
selected samples from the batch. However, this construction may face two problems. Firstly,
in order to strengthen the discriminative ability of the model, it is often necessary to include
enough negative samples in a batch, which has a high computational complexity. Secondly,
the way of randomly selecting negative samples may take some actual similar samples as
negative samples, which may affect the performance of the model.

Based on the above problems, this paper proposes a branch of comparative learning
based on weighted category prototypes, which extracts the embedded features of an image
by embedding the prototype network learning as shown in Figure 5. In this process, for
each category in the support set image, its feature vector is computed as the prototype of
that category by a weighted prototype network. The distance between the query image
features and each prototype is determined for classification by using cosine similarity.
This method utilizes weighted prototypes to represent the category features and distance
metric for effective image classification. By obtaining the category prototypes through the
post-weighted prototype network and then comparing them for learning, not only can the
amount of computation be greatly reduced and the computational complexity be lowered,
but similar samples will also not be used as negative samples to affect the effectiveness of
the model.
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The embedded prototype network [29] is designed to learn the category prototype
features of an image, where the category prototypes are obtained by calculating the mean
vector of features for each category of the support set image. However, this approach
suffers from the problem that the computed mean vectors may not effectively represent
the categories when the distribution of the support set samples varies widely or when
there are low-quality samples. Specifically, the mean is computed in such a way that each
sample feature contributes the same amount to the representation vector when, in fact,
different sample features should have different contributions. The best sample features
should be more consistent with the feature distribution of the query image and, thus, they
should have a greater contribution. To solve this problem, a weighted method of computing
class prototypes is introduced in the training phase. This method uses a one-dimensional
Gaussian kernel function to compute the weighting coefficients of the sample features of
each support set to ensure better clustering of the extracted sample features of the same
class. The implementation is detailed in Equation (3):

γij =

exp
(
||xq−xij||2

2σ2
i

)
∑K

j=1 exp
(
||xq−xij||2

2σ2
i

) , j = 1, . . . , K, i = 1, . . . , M (3)

where, xij denotes the j-th support sample for the i-th category, xq denotes the query sample
for the category i, and σi denotes the Gaussian function width and takes the value 0.1.

After obtaining the weighting coefficients of each support set feature, this paper
calculates the prototype of the class by a kind of weighting. ĉi is the prototype of the first i
class calculated by weighting, and the specific implementation is shown in Equation (4):

ĉi =
∑K

j=1 γijxij

∑K
j=1 γij

, i = 1, . . . , M (4)

Then, the cosine similarity simcos
i between the query branch zi and the weighted

category prototype ĉi is calculated, as shown in Equation (5):

simcos
i =

zi · ĉi
∥zi∥∥ĉi∥

(5)
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After calculating the cosine similarity between the input query image and the proto-
type vectors of each category, the simi obtained from this auxiliary branch is summed up
with the prediction result of the main branch classifier si with certain weights, and w is the
pre-set hyperparameters.

Sĉi = w · si + (1 − w) · simcos
i (6)

In order to guide the model optimization to improve the classification performance,
this chapter designs the loss function applicable to the algorithm, and the total loss function
includes several components in the fine-tuning stage. Firstly, the regression loss of RPN
Lrpn, the cross-entropy loss of bounding box classifier Lcls, as well as the smooth-L1 loss of
bounding box regression Lreg and the improved contrast loss Lcs, by combining the above
losses together, end-to-end training is achieved. The specific form is shown in Equation (7):

L = Lrpn + Lcls + Lreg + λLcs (7)

where Lcs is the cross-entropy loss added by the weighted prototype comparison branching
module, the expression of which is shown in Equation (8). With this loss, the scale of
classification probability can be made to expand the inter-class gap between prototypes,
making the distance between the same class more compact and obtaining a farther cosine
distance between different classes. The λ in the formula is used to adjust the weighting
between the losses, which was set to 0.2 in the experiments.

Lcs =
MN

∑
m=1

[∥∥∥ f (xa
m)− f

(
⌢
c

p
m

)∥∥∥2

2
−

∥∥∥ f (xa
m)− f

(
⌢
c

n
m

)∥∥∥2

2
+ α

]
(8)

where xa
m represents the query sample,

⌢
c

p
m and

⌢
c

n
m represent the positive and negative

class-weighted prototypes, respectively, and α is the margin.

4. Experimental Results and Analysis
4.1. Experimental Datasets

In this paper, experimental validation is carried out on the self-constructed dataset
ESD (endangered species datasets) and the public dataset Pascol VOC to evaluate the
network performance. ESD covers five endangered animals, including giant panda, crested
ibis, antelope, golden monkey, and alligator sinensis. A part of the image of ESD is shown
in Figure 6.

The Pascol VOC dataset has a total of 20 classes, and the Pascol VOC dataset is divided
into base class data and new class data according to the division in FSCE, and the division
scheme is shown in Table 1. We selected fifteen categories from Pascal VOC split1 as base
categories, plus five endangered animal categories, for a total of twenty categories. The
two sets of categories were divided according to a 15:5 ratio, and it was ensured that the
base and endangered animal categories were independent of each other and that there was
no overlap of categories. In order to test and validate the effect of different shot divisions
on the detection task, five divisions of 1-shot, 3-shot, 5-shot, 10-shot, and 30-shot were
performed on the images of each category.

Table 1. Segmentation scheme for the datasets.

Datasets Novel Split Shot

EDA panda crested ibis antelope golden
monkey

alligator
sinensis 1 3 5 10 30

Pascol VOC
bird bus motorbike cow sofa 1 2 3 5 10

aeroplane bottle cow horse sofa 1 2 3 5 10
boat cat motorbike sheep sofa 1 2 3 5 10
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4.2. Evaluation Indicators

All of our experiments were implemented using PyTorch on 8 NVIDIA 2080Ti work-
stations. Where CUDA version is 10.2, CUDNN version is 8.1, Python version is 3.8, and
PyTorch version is 1.10. A two-stage training method is used for training; the first stage
trains Backbone without freezing the parameters of the network modules and uses all the
images of the base class, with the Batch-Size set to 16. The second stage is fine-tuning,
which freezes all the parameters of Backbone while keeping the parameters of the RPN
module based on the attentional mechanism, the Box Classifier, and the parameters of the
Box Regressor module. The training time was 3 h and 12 min, and the testing time was
8 min, in which the average time per image was 0.31 s. The specific parameters of the
model are shown in Table 2.

Table 2. Model-specific parameters.

Parameter Name Value Description

weight R-101.pkl Base class training initial weights
max-items 18,000 Maximum number of iterations for base class training

lr 0.02 Base class training learning rate
weight (ft) model_surgery.pth Fine-tuning the training initial weights

lr (ft) 0.001 Fine-tuning training learning rates
momentum 0.9 Momentum of gradient descent

weight decay 0.0001 Weight decay factor

IOU (intersection-over-union) is a metric used in target detection that refers to the over-
lap rate of the generated candidate frames with the true labeled frames. The mathematical
formula is shown in Equation (9):

IOU =
area(C) ∩ area(G)

area(C) ∪ area(G)
(9)
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where area(C) denotes the generated candidate frame area; area(G) denotes the original
labeled frame area.

In target detection, the classification targets are divided into two categories: positive
and negative cases. TPs (true positives) are true positive cases, which indicate the number of
samples that are actually positive and correctly categorized as positive cases by the classifier;
FPs (false positives) are false positive cases, which indicate the number of samples that are
actually negative but incorrectly categorized as positive by the classifier; and FNs (false
negatives) are the number of samples that are actually negative but incorrectly categorized
as positive cases by the classifier. Recall, also known as the check rate, is the ratio of the
number of true cases to the number of true positive cases, and the mathematical formula is
shown in Equation (10):

Recall =
TP

TP + FN
(10)

Precision, also known as the check rate, is the ratio of the number of true instances to
the number of instances classified as positive instances by the classifier and is mathemati-
cally formulated as Equation (11):

Precision =
TP

TP + FP
(11)

AP (average precision) is also known as the average precision rate, and the mathemat-
ical formula is shown in Equation (12). In general, the higher AP is, the better the classifier
is in general, where AP50 denotes the value of AP when the IOU threshold is 0.5.

AP =
∫ 1

0
p(r)dr (12)

In order to evaluate the generalization ability of the AR-FSOD, experimental validation
on the Pascal VOC dataset is also conducted. In this paper, Qa is designed as an evaluation
metric to measure the quality of the region proposals generated by the RPN network, which
is mainly based on the confidence level and the size of the overlap between these proposals
and the actual labeled anchors. The specific calculation formula is as follows:

Qa =
1
N

N

∑
i

BBoxdec
i ∩ BBoxGT

BBoxdec
i ∪ BBoxGT

× probi (13)

where i is the subscript index of the anchor, N is the number of anchors, BBoxdec
i is the

predicted anchor, BBoxGT is the labeled anchor with its maximum overlapping region, and
probi is the confidence level of the anchor. Qa is the average of the product of confidence
level and IoU.

4.3. Results of the Experiment

The experimental results are shown in Table 3. AR-FSOD performs well in the high-
shot task, especially in 10-shot and 30-shot, with accuracy up to 60–80%.

Table 3. Few-shot detection performance on ESD.

Panda Crested Ibis Antelope Golden Monkey Alligator Sinensis

1-shot 15.4 10.3 9.4 8.6 14.6
3-shot 32.7 28.5 23.6 21.9 31.2
5-shot 57.6 44.4 38.7 36.2 56.8

10-shot 74.8 65.0 63.2 59.8 72.5
30-shot 83.4 76.6 72.1 69.3 81.3

The results of AR-FSOD and meta-learning-based and fine-tuning-based few-shot
object detection methods for each new category of endangered animal detection in the
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30-shot scenario are shown in Figure 7. AR-FSOD achieves significant improvement in
detection effectiveness in each category relative to the other three algorithms. This indicates
that the method in this paper enables the detector to better utilize the existing information
and improve the detection performance for endangered species.
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In order to evaluate the detection performance of the model on endangered animals
more comprehensively, this paper carries out a visual analysis of the model network
features, and the results are shown in Figure 8. The first row shows the original image
of the endangered animal, the second row shows the thermogram obtained by FSCE,
and the lower row shows the thermogram obtained by AR-FSOD. In the first column for
the “panda”, the fine-tuning training only shows scattered activation areas with lighter
highlights, while the feature map after the attention mechanism is more focused on the
center of the object, with darker highlights, showing stronger activation. The “created_ibis”
in the second column also shows dispersed activation areas, most of which are focused on
the background area, while the activation positions are more clustered and concentrated
on the target area after the attention mechanism module. Comparing the two previous
figures, the highlighted areas of “antelope” in the third column and “alligator sinensis” in
the fifth column in the fine-tuning stage of the heat map are skewed to one side, which
cannot be fully represented, whereas, through the adjustment of the attention mechanism,
we can obtain more complete coverage of the entire heat map. By adjusting the attention
mechanism, a more complete heat map of the highlighted area covering the whole object
can be obtained. In the fourth column, the highlighted area of “golden monkey” in the
fine-tuned heat map is more scattered, and even part of it is outside of the object, while
the activated area in the heat map improved by this paper is closer to the center of the
object, and the coverage is closer to the ideal state. In summary, compared with the feature
maps before the improvement, the improved feature thermograms of AR-FSOD are more
expressive of the foreground object, which helps the RPN to generate region proposals
with higher quality.
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We visualize the detection results of the model and compare them with the FSCE
model, which is shown in Figure 9. As shown in the figure, the first line on the left side
shows that the final object detection frame, although focused on the center of the object,
has low confidence as the coordinates cover only part of the actual object’s position due
to the object being partially occluded. In the experimental output of AR-FSOD, the right-
hand side shows a substantially correct detection frame with improved confidence in the
detection. For the second row on the left, “created_ibis”, and the third row on the left,
“antelope”, the FSCE model suffers from misclassification and low confidence due to the
similarity of the base classes “bird” and “cow” in a large amount of data, and the similarity
between the object and the sample-rich base class, which causes the network to prefer
judging the object as the base class. The “alligator sinensis” in the second row on the right
is extremely similar to the background, and the labeling box of the FSCE model cannot
accurately label the object; however, AR-FSOD improves the classification confidence by
adjusting the regression coordinates to make it closer to the actual labeling. In the third row
of “antelope” on the right, the FSCE model not only misclassifies it as the base class “cow”
but also misses it when the object is occluded by the FSCE model, while the AR-FSOD can
correctly detect it. The attention mechanism module in this paper’s model can generate
more expressive feature maps to a certain extent, which effectively improves the quality of
the output results of the upstream network and, at the same time, the weighted prototype
comparison branch proposed in this paper effectively reduces the problem of classification
confusion, which demonstrates that AR-FSOD has certain advantages in the performance
of endangered species object detection.

Several experiments are conducted on the Pascal VOC dataset, and the quality of the
region proposal anchor is calculated separately by using the dataset division method of the
literature [22], and the experimental results are averaged, which are shown in Table 4. It
can be seen that the quality of the prediction anchors generated by the RPN based on the
multiple-attention mechanism proposed in this paper is all improved. The quality of the
prediction anchors of both FSCE and the AR-FSOD are higher in division scheme I because
in this division scheme, the similarity between the new class and the base class is higher,
and the RPN has already possessed the corresponding learning ability for the targets of
the new class and is thus able to generate higher quality region proposal anchors. The
improvement of the multiple attention mechanism module proposed in this paper is not
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very obvious. In the second segmentation scheme, the low similarity between the new class
and the base class causes RPN to have difficulty in obtaining useful information in new
class detection, which produces a large number of prediction anchors that are not related
to the new class object, resulting in a low quality of region proposal anchors. In contrast,
AR-FSOD substantially improves the quality of prediction frames by introducing the RPN
with multiple attention mechanism. In the third segmentation scheme, the new class is
more similar to the base class, and the method in this paper has some improvement, but
not as obvious as the improvement of the second segmentation scheme. By quantifying
the quality of the anchors generated in the RPN network, it can be seen that the IoU and
confidence level of the anchors based on the multiple attention mechanism with the actual
labeling of the object have been improved, which provides higher-quality region proposal
anchors for the follow-up.
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Table 4. Comparison of the quality of regional candidate frames.

Method Novel Set 1 Novel Set 2 Novel Set 3

FSCE [22] 0.436 0.186 0.355
AR-FSOD 0.469 0.273 0.396

In Table 5, we report the results of the AR-FSOD on novel classes of the Pascal VOC
dataset. According to Table 3, AR-FSOD achieves the highest in nine out of a total of
fifteen comparisons. There is only a slight gap relative to SRR-FSD for the very few-
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shot conditions of 1-shot and 2-shot for split1 and split2. This proves that AR-FSOD
has significantly improved the detection accuracy of new classes. In addition, it can be
observed from Table 3 that AP50 does not increase linearly with the number of new class
images provided. Taking Pascal VOC Split1 as an example, when the number of new class
support images increases from one to five, the AP50 improves by 17.5%; however, when
the number of support images increases from five to ten, the AP50 only improves from
63.7 to 67.5%, which shows a non-linear growth. This phenomenon mainly stems from the
limited number of samples at the fine-tuning stage, and the model fails to effectively utilize
the support set information. However, with the gradual increase in the number of samples,
the advantages of the attention mechanism and the weighted prototype comparison branch
gradually appear, and the recognition rate of the new category increases significantly.

Table 5. Fine-tuning results of the new Pascol VOC.

Novel Split1 Novel Split2 Novel Split3

Method 1 2 3 5 10 1 2 3 5 10 1 2 3 5 10

Meta FR-CNN [30] 41.8 46.7 52.7 59.6 62.3 26.1 33.6 43.8 47.8 50.1 35.6 42.1 45.8 53.4 52.3
SRR-FSD [31] 47.8 50.5 51.3 55.2 56.8 32.5 35.5 39.1 40.8 43.8 40.1 41.5 44.3 46.9 46.4

MPSR [32] 36.5 41.7 48.9 54.5 60.7 25.4 27.2 39.5 41.1 46.2 35.3 42.2 44.5 49.6 50.4
FSCE [22] 44.2 43.8 51.4 61.9 63.4 27.3 29.5 43.5 44.2 50.2 37.2 41.9 47.5 54.6 58.5
FSRW [18] 14.8 15.5 26.7 33.9 47.2 15.7 15.3 22.7 30.1 40.5 21.3 25.6 28.4 42.8 45.9
AR-FSOD 45.6 45.3 53.9 63.7 67.5 27.8 30.9 44.3 46.8 53.5 38.1 43.3 49.6 58.1 61.2

In addition, a visual comparison between AR-FSOD and FSCE models is carried out
in this paper, and the results are shown in Figure 10. For “bus”, which is a small sample
category, it is more difficult to detect because of its high similarity with the base class object
“car”. In the first row of results on the left, although the final object detection frame is
located in the center of the object, the coordinates only cover part of the actual object, and
there are classification errors and low confidence. In the experimental output of AR-FSOD,
the detection frame is basically correct, and the correct classification is achieved. For the
second row of “cow”, there is an obvious classification confusion problem, in which the
object in the image has similar features to the base class “horse”, causing the network to
prefer to judge it as the base class. After adjusting the final visualization threshold, the
detection frame of the corresponding object can be obtained, but its confidence level is only
0.49, which is not up to the standard of correct recognition. In contrast, in the experimental
results in this chapter, by adjusting the regression coordinates, the model is closer to the
actual labeling and improves the classification confidence. The feature heat map of FSCE in
the third column shows that the model activates more background regions, which causes
the model to have missed detection. The feature heat map of AR-FSOD, on the other
hand, focuses on the object, which can effectively avoid the situation of missed detection.
The improved feature extraction network in this model effectively enhances the ability
of multi-scale feature extraction. Meanwhile, the attention mechanism module is able to
generate more expressive feature maps to a certain extent, which reduces the case of missed
detection. In addition, the weighted prototype comparison branch effectively solves the
problem of classification confusion. AR-FSOD exhibits better generalization performance
and robustness.
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5. Conclusions

In this paper, an efficient few-shot endangered species detection method is proposed
to solve the problems of low accuracy and easy loss of location information. Firstly, the
feature representation is optimized by the proposed improved feature extraction network
SE-Res2Net; secondly, a hybrid attention module is introduced to generate more accurate
region proposals; and finally, a weighted prototype comparison-based branch is introduced
to solve the problem of classification confusion. The proposed method still shows good
detection performance and strong generalization ability with only a small number of
endangered species samples.
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