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Abstract

We present a system for identifying individual penguins in flock images by combining appearance-based penguin

detection with RGB images and spectral-based penguin identification with hyperspectral (HS) information. For the spectral-

based identification, we propose a classification and ensemble approach inspired by the observation that many animals have

similar color patterns.

For example, penguins typically have black and white coloration, with consistent color distribu-

tions across individuals. The proposed system’s effectiveness was experimentally validated with a mean Average Precision

(mAP) metric. The proposed Appearance-and-Spectral-Based identification system significantly outperformed conventional

appearance-based and spectral-based systems.
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1. Introduction

Non-contact image-based ecological studies of ani-
mals are highly demanded because contact tagging ani-
mals for monitoring usually requires a high cost. Image-
based monitoring methods have been studied to observe
a wide range of species. Among those monitoring, the
image-based individual identification task for animals is
important and challenging. In this paper, we focus on
the penguin’s individual identification as one of animal
individual identifications.

Existing image-based penguin individual identifica-
tion relies on unique patterns of their bellies, typi-
cally captured in front-facing and in close range of pen-

923 - However, this method is not suitable for

guins.
images of penguin flocks. For example, in the flock im-
age shown in Fig.1, all penguins are captured from a
distance, with individuals in various postures, making
it difficult to identify belly patterns.

We address the challenge of identifying individual
penguins within flock images. Our approach detects
each penguin and identifies individuals from images
captured at a distance. Penguins have a uniform ap-
pearance with bodies covered in white and black feath-
ers, making it difficult to distinguish individuals.

Individual identification remains challenging when re-
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Fig. 1: Proposed system that effectively integrates ap-
pearance and spectral information. It uses RGB images
for animal detection and spectral data for individual

identification.

lying solely on appearance information, even though the
object detection methods based on RGB images have
dramatically improved in accuracy due to advances in
deep learning. While appearance information extracted
from RGB images enables detection by focusing on the
shape of penguins, in flock images where penguins ap-
pear relatively small, obtaining detailed information
about individuals is challenging, complicating identi-
fication based solely on appearance.

Our work leverages spectral information to enhance
individual identification. Previous work has used Hy-

perspectral (HS) images for the pixel-wise classification
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Fig.2: Tllustration of our proposed identification and
ensemble method compared to the baseline single-model

approach.

of detected penguins, demonstrating the effectiveness of
spectral information in distinguishing individuals.

This paper presents an individual identification sys-
tem that combines the strengths of both appearance
and spectral information, as shown in Fig.1. Specifi-
cally, the system integrates a penguin detection mod-
ule based on appearance information and an individ-
ual identification module based on spectral information.
The system detects penguins based on the RGB image
derived from the HS image and then identifies individ-
uals using the HS data of the detected regions.

In the penguin individual identification module, we
propose an identification and ensemble method. Fig. 2
demonstrates our proposed method, which combines
the results of two individual identification models, with
the baseline, which uses a single model for individual
identification. This approach is inspired by the observa-
tion that individual animals often exhibit similar color
schemes. For example, penguins are predominantly
composed of two colors, black and white. Therefore,
we first cluster the pixel values within the body region
of each penguin into two classes and then apply an en-
semble method to produce the final identification result.

In the experiments, we evaluate the performance of
our system in identifying individual penguins in flock
images. We compare our approach with appearance-
based and spectral-based methods at different image
resolutions, demonstrating the robustness of our sys-
tem. Visual comparisons highlight our method’s ef-
fectiveness in accurately detecting and identifying pen-
guins under challenging conditions. An ablation study
confirms the importance of our key components: the
identification and ensemble methods and duplicate sup-

pression. Our results demonstrate the system’s superior
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performance and emphasize the complementary role of
spectral signatures from white and black regions in pen-
guin identification, demonstrating the efficacy of com-
bining RGB and HS data for this task.

2. Related Work

2.1 Identification of Individual Animals us-
ing Cameras
Individual animal identification using cameras is a
critical task in ecological research. Animals with dis-
tinctive patterns, such as zebras and tigers, present rel-

. In

atively straightforward identification challenges
contrast, many species, including penguins, are consid-
erably more difficult to discriminate individuals. For
these challenging cases, the identification often relies on
analyzing specific anatomical regions, such as the facial

characteristics”'42V),

For instance, a study focusing on
the facial features of pandas achieved a 71.17% accuracy
in individual identification*®. In penguins, individuals
are identified by the position of a point on the belly®?%.

Our work advances existing approaches to individual
animal identification within group images by tackling
key challenges that previous methods have struggled
with. In images of groups of animals, problems such
as animals facing in different directions, and animals
of different sizes in the image, make it impossible to
identify individuals using previous methods based on
detailed information of each individual.

2.2 Animal Detection based on Appearance

Information

Our task is different from the previous work for an-
imal detection. Most work detects animals and counts
the number of animals'®, but we do not count the num-
ber of animals but identify individuals. Wu et al. used
YOLO to detect penguins in satellite images®” and we
also used YOLO to detect penguins as they do.

2.3 Animal Analysis based on Spectral Infor-

mation

Work on analyzing the spectra among individual pen-
guins '” shows the feasibility of individual identifica-
tion from HS pixels. Many researchers have analyzed
the spectral information of visually similar organisms
based on HS images. It has been demonstrated that
spectral information differs among species, for exam-
ple, reptiles®??? | insects'®, and fish'®.

However, previous work focuses on HS pixels without
utilizing appearance information and requires manual
selection of target pixels from captured images. The

proposed system automatically selects pixels effective
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Fig.3: Diagram of the proposed system for individual penguin identification. The system includes a detection

module that localizes penguins based on appearance features, followed by an identification module utilizing HS

data to distinguish individual penguins through spectral characteristics. A duplicate suppression process assigns

unique identities to each penguin, ensuring accurate identification even in densely populated flocks.

for identification and performs individual penguin iden-

tification from HS images.

3. Individual Penguin Identification Sys-

tem

This section introduces our system for individual pen-
guin identification using HS images. Our approach be-
gins with the acquisition of an HS image H € RFXWxB
using an HS camera, where H, W, and B represent
the height, width, and number of spectral bands re-
spectively. Our system leverages both appearance and
spectral information, incorporating a detection module
for penguin localization and an identification module
for individual recognition.

Figure 3 illustrates the overall architecture of our pro-
posed system. The following subsections explain the
key modules: the appearance-based detection module,
the spectral-based identification module, and the du-
plicate suppression process, which refines the identifi-
cation results.

3.1 Appearance-based Detection Module

An appearance-based detection module is designed to
localize individual penguins in an RGB image.

An HS image H is first converted into an RGB im-
age C € REXWx3 with CIE 1931 XYZ color matching
functions'®. Here, the 3 indicates the three color chan-
nels of the resulting RGB image. The converted RGB
image C is then used in the subsequent detection and
localization processes.

(1) Penguin Detection

The RGB image C € R¥*Wx3 ig fed into the
appearance-based penguin detection module. We adopt
YOLO® for this appearance-based penguin detection
module. The YOLO has been fine-tuned for penguin

detection with the penguin dataset'™.
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The detection process determines the locations of
penguins within the image. It outputs bounding
boxes for P detected penguins, represented as b; =
[left;, top,, right,, bottom;], where i = {1,..., P} de-
notes the index of each detected penguin and P denotes
the total number of penguins detected within the image.

(2) Crop Individuals

In the crop individuals component, we crop regions
of interest from the original HS image H € RI*WxB
based on the detected penguin’s bounding box. This
process generates HS image patches X; € R*>wixB for
each of the P detected penguin’s bounding box, where
i ={1,...,P}. The dimensions h; and w; correspond
to the height and width of each image patch. A scaling
factor r € [0, 1] is employed to symmetrically adjust the
crop size around the center of the bounding box.

The operation is defined as:

left; 4 right, — r(right; — left;)

Xi = {H(u,u) ‘ 2
left; + right; + r(right; — left;)
u < D) )
top; + bottom; — r(bottom; — top,)
2
top; + bottom; + r(bottom, — top;
Y < op, + bottom +27°(0 om op)}7

(1)

where H, ) represents the pixel of H at coordinates
(u,v), withuw e {1,...,W}andv e {1,...,H}.

3.2 Spectral-based Identification Module

The spectral-based identification module identifies
the penguin ID for each HS image patch X;. This
module comprises a Color-Based pixel Classifier that
classifies each penguin pixel into white and black pix-
els. Then, white and black pixels are fed into white pixel

and black pixel identification modules, respectively. Fi-
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nally, those identification results are ensembled to gen-
erate the final identification output.
(1) Color-Based Pixel Classifier
The
cropped HS images X; of penguins into white and black

Color-Based Pixel Classifier segments the

regions based on their spectral characteristics. This seg-
mentation is crucial for subsequent individual identifi-
cation, enabling specialized processing of different pen-
guin regions. The segmentation results are represented
as binary matrices m; € R"*%i which we call weight-
ing matrices, where 1 indicates white class pixels and 0
indicates black class pixels. Figure 4 visualizes these
weighting matrices m;, illustrating the separation of
white and black regions in the penguin image.

We employ a Gaussian mixture model (GMM)Y to
perform this segmentation by clustering pixel values
into two classes, adapting to variations in lighting con-
ditions across images. The GMM is trained to account
for these variations in each input cropped region. The
classification of each pixel m;; in the weighting matrix

is determined as:

1 if N(@ijs oy Zw) > N (@55 pe, Xp)
m;; = )
0 else
(2)
where j = (u;,v;) with u; € {1,...,w;} and v; €

{1,...,h;} denotes the pixel coordinates within the
cropped region, representing the width and height di-
mensions respectively. N(-) represents the Gaussian
probability density function, and gy, X, ts, 2p are the
mean and covariance matrices for the white and black
classes, respectively.

To determine which GMM class represents the white
region, we compare the average pixel values of the two
clustered classes. The class with the higher average
value is designated as the white class, with its pixels as-
signed a value of 1 in m;;. Conversely, pixels in the class
with the lower average value (representing the black re-
gion) are assigned 0 in m;;. This approach ensures that
m; consistently corresponds to the penguin’s white re-
gions, regardless of initial GMM clustering results.

(2) Identification and Ensamble

The Identification and Ensemble component lever-
ages two models for individual penguin identification:
one for white and another for black regions. This ap-
proach allows us to exploit the distinct spectral charac-

teristics of different parts of a penguin’s body.
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Cropped Area

Cropped Area

Detected Penguin

Detected Penguin

Weighting Matrix m; Weighting Matrix m;

Fig.4: Visualization of the weighting matrices for a
penguin image. White areas in the matrix correspond
to pixels with a value of 1, representing the penguin’s
white regions. Black areas have a value of 0, corre-

sponding to the penguin’s black regions.

For each cropped region X;, we apply two models:
F) : RP — RN and F® : R® — RN. These mod-
els are trained on HS data classified into white and
black regions, respectively. Each model takes a B-
dimensional HS pixel value as input and outputs an N-
dimensional vector, where IV corresponds to the number
of penguin IDs in the dataset.

To integrate the outputs from these region-specific
models, we employ a weighted averaging, using weight-
ing matrices m; derived from the Color-Based Pixel
Classifier. This method combines the spectral informa-
tion from both white and black regions based on pixel-
wise segmentation. The confidence of the identification

for each bounding box is calculated as follows:

_1{mi,jF(w)(Xi,j) + (1 —mi  )FO (x5},
(3)

where y; € RV is the confidence vector for the i-th

_ 1
Yi = hixw;

J

detected penguin, computed as a weighted average of
pixel-wise confidence scores within the bounding box.

This ensemble approach ensures that the confidence
score for each penguin ID reflects information from both
white and black regions, potentially enhancing individ-
ual identification accuracy.

(3) Training of Identification Models

The identification models F(*) and F®) are designed
to process individual pixels from HS images and predict
the corresponding penguin ID. Both models are imple-
mented as multi-layer perceptron (MLP) consisting of
5 fully connected layers. This architecture is adopted
from previous work'”, which has shown effectiveness in
processing HS data for penguin identification.

To train these models, we utilize the annotated
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bounding box regions from the HS images in our train-
ing set. The training process follows a similar flow to
our proposed system:

(1) We first apply the Crop Individuals compo-
nent to extract the regions of interest from the
HS images.

(2) These cropped regions are then processed by
the Color Based Pixel Classifier to separate
white and black pixels.

(3) The classified pixels are collected into two dis-
tinct sets: pixels of D,, for white regions and
pixels of D, for black regions.

Where, Dy, = {(x\"), 1)}V, represents the collec-
tion of white pixels, and Dy = {(xgcb)7 tk)}kj\[:”1 represents
the collection of black pixels. The index k runs over all
pixels in each respective set. For D, X](fw) € RB is
a B-dimensional HS data classified as white, t; is the
corresponding penguin ID, and N,, is the total number
of white pixels. Similarly for Dy, X,(cb) € RP is a B-
dimensional HS data classified as black, with N}, being
the total number of black pixels.

F™) and F® are trained separately on these white
and black pixels, respectively. This approach allows
each model to specialize in the unique spectral charac-
teristics of either the white or black regions of penguins.

The training for both models can be formulated as
a multi-class classification problem. We minimize the

cross-entropy loss £ for each dataset:

L= CE(ty,F(xx)),

keD

(4)

Here D represents either D,, or D, depending on which
model is being trained, x; is an input pixel, t; is the
corresponding one-hot encoded true label, F represents
either F™) or F® and CE(-,-) denotes the cross-
entropy function®. This loss function encourages the
models to correctly classify each input pixel as belong-
ing to a specific penguin ID.
(4) Duplicate Suppression
The duplicate suppression component functions as a
critical post-processing step in our penguin identifica-
tion system. Its primary purpose is to resolve potential
conflicts and ensure that each detected penguin is as-
signed a unique identity. This step is especially crucial
in crowded scenes where multiple detections might cor-
respond to the same individual penguin.
Our approach to duplicate suppression utilizes the

confidence scores generated by the Identification and
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Ensemble component. We organize these scores into a
matrix Y € RPXN | where P is the number of detected
penguins and N is the total number of penguins in our
dataset. Each element y;; of Y represents the confi-
dence score for assigning ID k to penguin detection 1,
where ¢ € {1,2,...,P} and k € {1,2,..., N}. Let id;
denote the assigned ID for the i-th detected penguin.
The duplicate suppression process is as follows:
o Let L € RPXYN | where [;), are its elements.
e Sort y;; in descending order.
o [teratively select y;; from largest to smallest:
(1) If I = 0:
o Set id; to k
o Set l;x = 1 (all elements in row i)
o Set I, = 1 (all elements in column k)
(2) If l; = 1, skip this entry
e Repeat until all elements of L are set to 1
This duplicate suppression step is crucial for main-
taining the integrity of our identification results, es-
pecially in scenarios with densely populated penguin
colonies. It helps to minimize false positives and en-
sures that our system provides consistent and reliable

individual penguin identifications.
4. Experiments

4.1 Dataset

For our experiments, we utilized a custom penguin
dataset based on HS images captured at Ueno Zoo>?.
The dataset consists of 680 HS images featuring N = 16
individual penguins. Each HS image H € RI*WxB
has a resolution of 2048 x 1080 pixels with H = 2048,
W = 1080, and 151 spectral bands B = 151 ranging
from 350 nm to 1100 nm®.

The images capture groups of 1 to 7 penguins per
frame. Each image is annotated with bounding boxes
b; = [left;, top;, right,, bottom;] for individual pen-
guins, where ¢ € {1,...,P} and P is the number of
penguins in the image. From these annotations, we
derived cropped HS image regions X; € RF*wixB for
each penguin, where h; and w; represent the height and
width of each cropped region, respectively.

To investigate resolution effects, we prepared addi-
tional versions of the HS images at 1/4 and 1/8 of the
original resolution using bilinear interpolation®. The
dataset was randomly divided into training, validation,
and test sets in an 8:1:1 ratio. This dataset was used for
training and evaluating our proposed system, including
the penguin detection model and individual identifica-
tion models F* and F°.
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4.2 Implementation Details

Experiments were conducted on a system with an
Intel Core i9-13900K CPU, 128 GB RAM, and an
NVIDIA GeForce RTX A6000 GPU, using PyTorch'?.

We fine-tuned the lightweight YOLO model® on our
HS images converted to RGB. The training utilized
SGD*'® with a learning rate of 1 x 1072 for 100 epochs
and a batch size of 16. Separate models were trained
for original, 1/4, and 1/8 resolutions.

Our pixel-wise classification model employed a 5-
layer MLP with ReLLU activations and batch normaliza-
tion. Dropout was implemented using probabilities of
0.5 for the final layer and 0.1 for the penultimate layer.
This model was trained on pixel sets D,, and D, for
300 epochs using Adam optimizer?”. The initial learn-
ing rate was set to 1 x 1073, decaying by a factor of 0.6
every 1/10 of total epochs. We used a batch size of 128
for training. Following the approach employed for the
YOLO models, we developed and trained resolution-
specific instances of the pixel-wise classification model
to maximize performance across all scales.

To reduce noise, smoothing filters were applied to
the HS images before pixel extraction: a 5 x 5 filter for
full-resolution images, and 3 x 3 filters for 1/4 and 1/8-
resolution images. Across all resolutions, we selected
pixels from a central region of the annotated bound-
ing boxes, defined by r = 0.3 of the box dimensions.
This value of r was empirically determined to provide
a good balance between including sufficient penguin-
specific pixels and minimizing background interference.
While the system’s performance showed relative robust-
ness to small variations in r, maintaining an appropri-
ate value is important for optimal results, particularly
in ensuring effective ensemble processing.

To assess the performance of our system, we em-
ployed multiple metrics: mean Average Precision
(mAP), Precision, Recall, and Fl-score. We calculated
Average Precision (AP) for each penguin ID, consider-
ing detections with an Intersection over Union (IoU) of
at least 50[%] with the ground truth bounding boxes
as true positives. The mAP was computed by averag-
ing AP values across all penguin IDs, assessing both
localization accuracy and identification consistency.

For Precision, Recall, and F1l-score calculations, we
adopted a confidence threshold of 0.45. Precision mea-
sures the proportion of correct positive predictions
among all positive predictions, while Recall represents
the proportion of actual positive cases that were cor-

rectly identified. The F1l-score, the harmonic mean of

216

Table 1: Performance evaluation of penguin detection
using fine-tuned YOLO models on HS images of various
resolutions. The table shows Average Precision (AP) at

various Intersections over Union (IoU) thresholds.

Resolution
IOU threshold | Full 1/4 1/8
ToUso 96.90 97.93 97.85
IoU7s 96.68 97.74 97.47
ToUggo 95.99 97.04 96.08
ToUgs 88.38 88.98 86.02

Precision and Recall, provides a balanced measure of
the model’s accuracy.

4.3 Preliminaries

We evaluated our penguin detection model across
full, 1/4, and 1/8-resolution images to simulate de-
tection at various distances. Table 1 presents the AP
scores at different IoU thresholds for the YOLO model
across these resolutions. We varied the IoU thresholds
to assess the model’s performance from loose to strict
object localization criteria.

The model demonstrates exceptional performance
across various IoU thresholds and image resolutions. At
IoUsy, it achieves remarkably high AP scores: 96.90[%],
97.93[%], and 97.85(%] for full, 1/4, and 1/8 resolu-
tions, respectively. This robust performance persists
even at more stringent thresholds, with AP scores at
IoUgg of 95.99[%)], 97.04[%], and 96.08[%], and at IoUgs
of 88.38[%], 88.98[%], and 86.02[%] for the respective
resolutions.

These results underscore the efficacy of our fine-tuned
YOLO model in penguin detection across a spectrum of
image resolutions. The model’s ability to maintain high
performance even when fine details are reduced sug-
gests that RGB appearance information provides suffi-
cient cues for robust penguin detection in complex flock
scenarios. This consistent performance across varying
resolutions and strict IoU thresholds demonstrates the
model’s resilience and applicability in diverse real-world
conditions.

4.4 Ablation Study

To verify our contributions, we conducted an abla-
tion study focusing on two key innovations: Identifi-
cation and Ensemble, and duplicate suppression. Ta-
ble 2 presents the results for both full-resolution and
1/8-resolution images.

Our system employs two models specifically trained
The

Identification and Ensemble approach incorporates re-

for the white and black regions of penguins.
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Table 2: Ablation study results comparing different identification methods with and without duplicate suppression.

Performance is measured using mAP, Precision, Recall, and F1-score for full and 1/8-resolution images.

. X Duplicate Full-resolution 1/8-resolution
Identification method X . -
Suppression mAP  Precision Recall Fl-score | mAP  Precision Recall F1l-score

White and Black Regions X 68.28 0.67 0.78 0.72 66.35 0.65 0.76 0.70
White Region X 66.66 0.70 0.77 0.73 69.19 0.66 0.78 0.71

Black Region X 70.92 0.69 0.79 0.74 71.47 0.68 0.78 0.72
Identification and Ensemble X 72.11 0.70 0.80 0.75 74.19 0.70 0.82 0.75
White and Black Regions v 69.27 0.67 0.79 0.72 68.24 0.67 0.78 0.71
‘White Region v 68.00 0.70 0.79 0.74 70.11 0.67 0.78 0.72

Black Region v 72.25 0.70 0.80 0.75 73.57 0.71 0.80 0.75
Identification and Ensemble v 72.70 0.70 0.81 0.75 75.94 0.71 0.83 0.76

(a) Ground truth label

(b) With Duplicate Suppression (c) Without Duplicate Suppression
applied result

result

Fig.5: Penguin identification results on a full-resolution test sample. (a) Ground truth label. (b) With duplicate

suppression applied. (¢) Without duplicate suppression. This example demonstrates how duplicate suppression can

lead to incorrect identification. The confidence scores for ID 2 are 0.56 for the left penguin and 0.52 for the right

penguin.

sults from both regions, while the ”White Region” and
”Black Region” variants use results from the respective
regions. The ”white and black Regions” method uses a
single model trained on both regions simultaneously.

For full-resolution images, the Identification and En-
semble approach achieved the highest accuracy with
72.70[%] mAP with duplicate suppression, surpassing
the ”White and Black Regions” approach (69.27[%]
mAP) by 3.43[%]. This improvement underscores the
effectiveness of independently processing the white and
black regions for penguin identification.

Using only the white region yielded 68.00[%] mAP,
while the black region alone produced 72.25[%] mAP.
This suggests the black region may contain more dis-
criminative features for individual identification. The
combined approach achieved 72.70[%] mAP, outper-
forming both single-region methods and indicating com-
plementary information in the white region.

Duplicate suppression proved effective across all
methods, with improvements ranging from 0.59(%)] to
1.34[%] in mAP. Notably, the ?White Region” variant
showed a 1.34[%] improvement with duplicate suppres-
sion, from 66.66[%)] to 68.00[%] mAP.

The performance trends observed in full-resolution
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images did not deteriorate in 1/8-resolution images.
The Identification and Ensemble approach continued
to outperform other methods, achieving 75.94[%] mAP
with duplicate suppression. This suggests that our
method is robust to image quality degradation from
photographing distant subjects.

However, it is important to note that duplicate sup-
pression can occasionally lead to incorrect predictions.
As illustrated in Figure 5, the duplicate suppression
process can sometimes result in misidentification. In
the example shown, without duplicate suppression (c),
one penguin is correctly identified while the other is
incorrectly predicted as having the same ID. When du-
plicate suppression is applied (b), it incorrectly assigns
different penguin IDs to both individuals, neither of
which matches the ground truth label (a). The left and
right penguins have confidence scores of 0.56 and 0.52
respectively for ID 2. Duplicate suppression assigns ID
2 to the left penguin due to its slightly higher score and
ID 3 to the right penguin. However, the ground truth
shows the right penguin is the correct ID 2.

Although Figure 5 shows a case where the method
fails, these findings indicate that both Identification and

Ensemble and duplicate suppression improve our pen-
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(c) Appearance-based approach result.
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Fig. 6: Visual comparison of penguin identification results across different approaches. Our method demonstrates su-

perior performance in accurately identifying individual penguins across various image resolutions. For the Spectral-

based approach, colored areas indicate predicted penguin locations: green for correct identifications and red for

misidentifications.

guin identification system’s performance.

4.5 Evaluation of Our System

We compared our method with existing single-
modality approaches as benchmarks to evaluate our
proposed system. To the best of our knowledge,
no existing system combines spectral and appearance
information for individual identification of penguins.
Our analysis primarily considers appearance-based and
spectral-based approaches, as well as a performance
with lower-resolution HS images to simulate distant
flock observations.

The appearance-based approach employs YOLO, a
The

YOLO model is trained to perform dual tasks: local-

fast and widely used object detection model.

izing penguins and assigning individual identities. Our
method, in contrast, uses YOLO only for localization.
The spectral-based approach employs a two-stage MLP
process. The first stage performs binary segmentation,
classifying pixels as either penguin or background. The
second stage then predicts individual IDs for the seg-
mented penguin pixels. Our method uses a single MLP
for pixel-level ID prediction.

These analyses benchmark our novel task of identify-
ing all individual penguins in a flock image. Through
a comparative evaluation with modified existing ap-
proaches, we aim to demonstrate our system’s effective-
ness in addressing this unexplored challenge in penguin

identification.
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Table 3: Comparison of mAP, Precision, Recall, and
F1-score for penguin individual identification using dif-

ferent approaches across image resolutions.

Method Resolution | mAP  Precision Recall Fl-score
A Full 36.12 0.57 0.24 0.34
ran
ppearance 1/4 41.46 0.58 0.33 0.42
based
1/8 36.40 0.53 0.28 0.37
Full 5.88 0.05 0.05 0.05
Spectral
based 1/4 6.13 0.07 0.53 0.08
1/8 5.95 0.06 0.23 0.06
Appearance Full 72.70 0.70 0.81 0.74
and-Spectral 1/4 76.82 0.72 0.83 0.77
based(Ours) 1/8 75.94 0.71 0.83 0.76

4.6 Evaluation Results

Table 3 presents a comparative analysis of our pro-
posed system versus existing approaches at various im-
age resolutions. Our system consistently achieved mAP
scores that exceeded 70.00[%) for all resolutions, demon-
strating high precision and reliability in identifying and
localizing individual penguins. This performance level
indicates the potential for effective use of the system in
wildlife monitoring and conservation efforts, allowing
researchers to track penguin populations with minimal
manual intervention'®.

In contrast, the conventional appearance-based ap-
proach showed inconsistent performance, with mAP
scores ranging from 36.12(%)] to 41.46[%)]. The spectral-
based approach demonstrated even more limited effi-
cacy, with mAP scores around 6[%)]. These results un-
derscore the robustness of our proposed system in iden-

tifying individual penguins within flocks and their re-
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(a) Sample flock image 1

(b) Sample flock image 2

(c) Sample flock image 3

(d) Sample flock image 4

Fig.7: Results of penguin individual identification across various images. Green bounding boxes indicate correct

identifications, red boxes show misidentifications and purple boxes represent detection errors. The system demon-

strates robustness in identifying penguins in diverse postures and partial views. Notable challenging cases include

penguin ID 7 in (d), where only partial views are available. Incorrect identification is noted in (c¢) with a misiden-

tification between ID11 and IDO.

silience to resolution degradation.

Figure 6 provides a visual comparison of outputs from
different approaches. The RGB approach, despite its
relatively higher mAP, often assigns multiple bounding
boxes to a single penguin and frequently labels different
penguins with the same ID. This suggests that its mAP
score may reflect the model’s ability to predict penguin
IDs present in the image without accurately localizing
individuals.

The HS approach shows limitations in accurately dis-
tinguishing penguins from the background. However,
it demonstrates promising results in correctly identi-
fying individuals within properly detected penguin re-
gions, indicating its potential for individual identifica-
tion when accurate location information is provided.

Our proposed system successfully identified all in-
dividual penguins, overcoming the limitations of both
RGB and HS approaches by leveraging their comple-
mentary strengths.

To visualize the performance of our proposed system,
Figure 7 presents sample output images with bounding
boxes reflecting the system’s detection and identifica-
tion results. Each bounding box displays the predicted
penguin ID in its upper left corner. Green, red, and

purple bounding boxes indicate correct identifications,

219

incorrect identifications, and undetected penguins, re-
spectively. These images demonstrate the system’s
effectiveness in identifying multiple penguins within
flocks, even in challenging scenarios such as varying
postures or partial views. For example, in Figure 7(d),
penguin ID 7 is correctly identified despite only its up-
per body being visible above a step, showcasing the
system’s capability to manage partial views caused by

terrain features.
5. Conclusion

This paper presented a novel system for individual
penguin identification in flock images combining ap-
pearance and spectral information. Our approach lever-
ages appearance information from RGB images for pen-
guin detection and spectral information from HS data
for individual identification. Key innovations include
an ensemble method that processes white and black re-
gions separately and a duplicate suppression technique.

Experiments demonstrated our system’s superior-
ity over appearance-only and spectral-only approaches,
achieving over 70.00% mean Average Precision across
different resolutions. The system showed robustness in
various penguin postures and partial views.

In our future work, we will test the system’s perfor-
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mance in diverse environments with varying lighting,

weather, and camera setups. This will help assess its

practical applicability and identify areas for improve-

ment.

We believe our system’s design has the potential to be

adapted to a wide range of species, for example, giraffes

and Valais Blacknose sheep, among others. We will con-

struct other datasets for different animal species and

apply our system to other species. This work leads to

the widespread adoption of camera-based wildlife mon-

itoring techniques across diverse ecological contexts.
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