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Abstract

The survival of numerous endangered wildlife species is in-
creasingly jeopardized by drastic climate changes, ecologi-
cal disturbances, and human activities, leading to rapid pop-
ulation declines. Identifying endangered and rare species is
essential for biodiversity conservation. However, many rare
species are recognizable only by specialized biologists, mak-
ing the labeling process both challenging and costly. More-
over, even with labeled data, training models on these lim-
ited categories often results in inherent learning biases. To
address high labeling costs and challenges associated with
sparse label learning, we propose a novel semi-supervised
learning framework, 4S-Classifier, which comprises two key
modules: a Rare Species Bank (RSBank) and an Attention-
based Rare Species Embedding (RSEmbed). The RSBank
module stores embeddings of rare species across multiple
training epochs, using clustering, kernel density estimation,
and confidence scores to enhance the learning of underrep-
resented categories. For the sparse samples within the RS-
Bank, the RSEmbed module acts as a fusion-based augmen-
tation approach utilizing embeddings to improve model per-
formance on sparse and rare species data. It is applied to im-
prove training effectiveness. By integrating both modules, our
framework achieves a classification accuracy of 88.37% on
an endangered species dataset (iNaturalist) and 91.56% on
a wildlife dataset (Wildlife Insights) with only 25% labeled
data, demonstrating its outstanding performance.

Code — https://github.com/SIPLab24/4S-Classifier

Introduction
In the field of species conservation, especially for rare
species detection based on computer vision, the scarcity
and imbalance of labeled data have long been key factors
limiting model performance. Figure 1 shows the imbalance
in labeled data of the Wildlife Insights dataset. To over-
come these challenges, Semi-Supervised Learning (SSL)
has emerged as an effective solution, leveraging a large
amount of unlabeled data and a small amount of labeled data
to enhance the model’s generalization capabilities. How-
ever, traditional SSL methods face several issues, particu-
larly when handling classes with limited examples, e.g., rare
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species, where the imbalance of labeled data and the bias of
pseudo-labels often lead to limited model performance.

Figure 1: The distribution of labeled and unlabeled data
across different species categories. This figure illustrates the
imbalanced representation of species labels in the Wildlife
Insights dataset (Ahumada et al. 2020), highlighting the
challenges faced in training models effectively due to the
scarcity of labeled samples for certain endangered species.

To address the issues of sparse samples and high an-
notation costs for rare species, we propose a new semi-
supervised learning framework that combines the RSBank
and RSEmbedd modules. The RSBank (Rare Species Bank)
module is designed to reveal the distribution of rare species.
It effectively integrates the embedding vectors of these
species with other data by constructing distributional fea-
tures for rare species. On the other hand, the RSEmbedd
(Rare Species Embedding) module uses the Wide ResNet
network to generate embedding vectors for rare species. By
combining labeled data with pseudo-labeled unlabeled data,
it enhances the expression ability of rare species. In this
way, the framework can effectively learn the features of rare
species with limited labeled data while mitigating the nega-
tive impacts of pseudo-label bias and class distribution im-
balance.

The innovation of this new framework lies in its capa-



bility to maximize the use of distributional information and
embedding vectors of rare species through the combined use
of the RSBank and RSEmbedd modules. This significantly
improves the accuracy and robustness for rare species de-
tection. Experimental results show that our framework has
significant advantages in rare species detection tasks, as it
handles labeled data imbalance and pseudo-label challenges
more effectively compared to traditional methods, providing
an efficient solution for species conservation and ecological
research. Our contributions are summarized as follows:

• We propose 4S-Classifier, a semi-supervised learning
framework specifically designed for the classification of
images depicting rare and endangered species.

• We introduce an Attention-based Rare Species Embed-
ding module to specifically focus on and capture the dis-
tinctive features of rare and endangered wildlife images
during training.

• We introduce a Rare Species Bank module to track and
store labels of sparse species images, mitigating the se-
vere class imbalance in the data.

• In the field of vision-based wildlife classification, our
work offers a solution to address the challenges of sam-
ple scarcity and high labeling costs for rare and endan-
gered species images, with validated efficiency on multi-
ple datasets.

Interestingly, the name 4S-Classifier carries a dual signif-
icance: not only does it imply For Species, but it also stands
for a “ Semi-Supervised System for Species ” coincidentally
encapsulating four “S”s. This naming is both intentional and
meaningful, reflecting the core focus and methodology of
our approach.

Related Work
Advances in Wildlife Detection Technology
Wildlife detection, which utilizes artificial intelligence tech-
nologies to monitor animals, has become an increasingly
prominent research area for ecological conservation. Recent
works in this area can be generally divided into two cate-
gories: supervised learning-based methods (Bakana, Zhang,
and Twala 2024; Liu et al. 2024; Kellenberger, Marcos, and
Tuia 2018; Peng et al. 2020; Yang et al. 2023; Zhang and
Cai 2023; Lu and Lu 2023) and unsupervised learning-based
methods (Chabot, Stapleton, and Francis 2022; Zheng et al.
2022b; Manohar, Kumar, and Kumar 2016; Seraj, Ayele, and
Meratnia 2019). Object detection methods generally adopt
either one-stage or two-stage detection frameworks. One-
stage frameworks, such as YOLO (Redmon 2016) and SSD
(Liu et al. 2016), combine object classification and localiza-
tion into a single step, delivering high speed but often sac-
rificing accuracy. Two-stage frameworks, such as Faster R-
CNN (Girshick et al. 2014) and Feature Pyramid Networks
(FPN) (Lin et al. 2017), separate region proposal and classi-
fication steps, allowing for more precise detection at the ex-
pense of higher computational costs. For instance, (Chabot,
Stapleton, and Francis 2022) introduced a multimodal ap-
proach that combines the semantics of animal images and
sounds, achieving impressive performance on the Baffin Bay

Wildlife dataset. (Zheng et al. 2022b) introduced an atten-
tion mechanism-based approach that can effectively distin-
guish real objects from dynamic backgrounds, thus enhanc-
ing detection accuracy even in complex scenarios with high
false positive rates.

Unsupervised learning-based detection methods rely pri-
marily on unlabeled data for training by leveraging tem-
plate matching techniques. Existing unsupervised frame-
works typically adhere to a common routine. They initially
segment images through the analysis of feature distribu-
tions, utilizing segmentation techniques like thresholding,
edge detection, histogram analysis, and wavelet transforms.
Following segmentation, they proceed to feature extraction
and dimensionality reduction, employing techniques such as
non-negative matrix factorization (NMF), principal compo-
nent analysis (PCA), and t-SNE. With the extracted com-
pact features, they classify the segmented images using clus-
tering algorithms such as K-means and K-nearest neigh-
bors (KNN). For instance, (Christiansen et al. 2014) used
a KNN classifier to identify animal regions in airborne in-
frared images. Similarly, (Guerrero et al. 2023) used ther-
mal imaging to detect seals by marking points above a tem-
perature threshold and distinguishing between adult and ju-
venile groups based on size and average cluster tempera-
ture. Although unsupervised methods bypass the need for
labeled data during training, they often fall short in robust-
ness and accuracy compared to supervised methods, limiting
their broader applicability.

Semi-supervised Learning with Sparse Samples
Semi-supervised learning aims to effectively leverage un-
labeled data to overcome the challenge of sparse samples.
Consequently, several frameworks have been proposed to
efficiently process and learn from large quantities of unla-
beled data. For example, (Chen et al. 2023b) proposed Ex-
pectation Maximization Learning (EML) and Adaptive Neg-
ative Learning (ANL) to predict the distribution of unla-
beled data and adaptively filter noisy data. This approach
allows for the expansion of unlabeled data while reducing
noise and enhancing data reliability. (Fini et al. 2023) in-
troduced a self-supervised clustering approach that groups
unlabeled data into reliable clusters. This approach refines
pseudo-label quality, minimizes noisy samples, and provides
more consistent data for semi-supervised learning. (Chen
et al. 2023a) developed the SoftMatch mechanism, which in-
corporates soft labels to avoid overfitting on uncertain data.
This approach strikes a balance between managing noisy
data and maximizing data utilization, leading to superior
performance under sparse sample conditions. (Wang et al.
2022b) proposed a self-adaptive thresholding technique that
allows the model to dynamically adjust its confidence lev-
els for unlabeled data. This technique makes the training
process more robust and adaptive to varying noise levels in
sparse data. (Wang et al. 2022a) tackled the inherent data im-
balance by employing pseudo-labels. Specifically, they pro-
posed a debiasing mechanism to adjust class distributions in
pseudo-labeled data. According to their findings, this mech-
anism can dynamically expand or shrink the selection of
soft labels, enabling more fine-grained learning under sparse



Algorithm 1: Distribution Detection and Rare Species Em-
bedding Selection in the RSBank module
Input: {Ej}n

j=1

Parameter: KDE bandwidth h(ei), GMM, density thresh-
old �f

Output: {Erare} in RSBank
1: Clustering: GMM on {Ej}n

j=1 to form clusters
2: Identify low-density clusters for rare species
3: for each Ei in low-density clusters do
4: Calculate h(Ei), apply KDE to estimate f(Ei)
5: end for
6: Generate DPM with density estimates f(Ei)
7: Set threshold �f based on DPM percentiles
8: for each Ei in DPM do
9: if f(Ei) < �f then

10: Add Ei to {Erare}
11: end if
12: end for
13: Store {Erare} in RSBank
14: return {Erare}

sample conditions.

Proposed Framework
Figure 2 illustrates the overall pipeline of our 4S-Classifier
framework. It mainly consists of the RSEmbed module and
the RSBank module. The RSBank module is built based on a
distribution detection method for sparse class labels. It lever-
ages both clustering in the embedding space and probability
density estimation to uncover the label distribution of sparse
species. The RSEmbed module is designed to extract and
integrate rich representations and key features from images
and pseudo-label embeddings, guided by a pre-trained at-
tention map. The following sections delve into the details of
these two modules, the complete 4S-Classifier architecture,
and the loss function used for training.

Rare Species Bank (RSBank)
The RSBank module is embedded within the unlabeled

data training branch of the 4S-Classifier. It acts as a “Mem-
ory Bank” for rare and endangered species; in other words, it
clusters the image embeddings of rare species to build a Ker-
nel Density Estimation (KDE) model (Kim and Scott 2012).
This model identifies rare species based on probability maps
of their distribution, generated after multiple epochs of train-
ing. Note that the RSBank module operates under an as-
sumption that is clearly observed in the wild: the data dis-
tribution for rare and endangered species heavily deviates
from that of common species.

For each species i, we compute an embedding vector
ei in a high-dimensional space from the final hidden layer
of Wide ResNet28-8 (Wu, Shen, and Van Den Hengel
2019). Subsequently, the embeddings are clustered based
on their similarities in the embedding space. Due to the
severe data imbalance between rare and common species,
the embedding vectors are unevenly distributed in the em-
bedding space. Thus, we use Gaussian Mixture Models

(GMM)(Reynolds et al. 2009) for clustering:

GMM(ei) = ck; (1)

where ck denotes the kth cluster. For each cluster, we calcu-
late the density as the number of embeddings per unit vol-
ume around the cluster centroid, denoted by Vk. For exam-
ple, the density dk for cluster ck with centroid �k is esti-
mated as:

dk =
|ck|
Vk

: (2)

Identifying low-density (sparse) clusters is crucial, as
these are most likely to represent rare species. Let CR be the
set of rare classes, which can be used to identify categories
with a significantly high proportion of rare species:

CR =

�
ck |

Number of rare species in ck

Total instances in dk
> threshold

�
;

(3)
where dk represents the sample distribution of class ck, and
the threshold determines the significance of rare species in
each class. Eq. 3 effectively filters out classes where rare
species are highly concentrated.

We apply KDE to estimate the probability density p(e),
quantifying the likelihood of sampling an embedding e from
the rare clusters CR as follows:

p(e) =
1

|CR|h
X

ei2CR

K

�
e− ei

h

�
: (4)

Note that KDE can model the distribution of rare species
in the embedding space. Specifically, Eq. 4 estimates the
density p(e) at any given point e, representing the likelihood
of observing a rare species at that location in the embedding
space. The Gaussian kernel function K(·) ensures a smooth
and continuous density estimate, while the bandwidth h con-
trols the level of smoothness, balancing fine-grained details
and generalization. By incorporating the embeddings of rare
species, this method effectively highlights regions in the em-
bedding space where rare species are more likely to exist,
aiding in the accurate detection and classification of these
species.

To capture the sparsity more accurately, we use an adap-
tive bandwidth hi in Eq. 4 for each rare species, where hi is
smaller for more isolated species (increasing density preci-
sion) and larger for those close to common clusters:

hi =
1

d(ei; ec)
; (5)

where ec refers to the nearest embedding of a common
species, representing the proximity of rare species ei to
the most similar common cluster. This simplifies the for-
mula while retaining clarity, with ec specifically denoting
the nearest common reference point in the embedding space.
Eq. 4 generates a density probability map (DPM) that rep-
resents the likelihood of encountering rare species, reveal-
ing the spatial distribution of sparse classes. Algorithm 1
shows the implementation of the RSBank module. In addi-
tion, Fig.3 shows the density probability map of embeddings
for the rare species class and common species class in a 3D
space for the Wildlife Insights dataset.




