
Latest updates: hps://dl.acm.org/doi/10.1145/3737611.3776961

EXTENDED-ABSTRACT

Wildlife Detection using Motion History Information Captured by
Camera Trap in the Dark

SHOGO YOSHIDA, Nara Institute of Science and Technology, Ikoma, Nara, Japan

YUKI MATSUDA, Okayama University, Okayama, Okayama, Japan

KOTA TSUBOUCHI

HIROHIKO SUWA, Nara Institute of Science and Technology, Ikoma, Nara, Japan

KEIICHI YASUMOTO, Nara Institute of Science and Technology, Ikoma, Nara, Japan

Open Access Support provided by:

Nara Institute of Science and Technology

Okayama University

PDF Download
3737611.3776961.pdf
04 January 2026
Total Citations: 0
Total Downloads: 0

Published: 06 January 2026

Citation in BibTeX format

ICDCN 2026: 27th International
Conference on Distributed Computing
and Networking
January 6 - 9, 2026
Nara, Japan

ICDCN Companion '26: Companion Proceedings of the 27th International Conference on Distributed Computing and Networking (January 2026)
hps://doi.org/10.1145/3737611.3776961

ISBN: 9798400719691

.

https://dl.acm.org
https://www.acm.org
https://libraries.acm.org/acmopen
https://dl.acm.org/doi/10.1145/3737611.3776961
https://dl.acm.org/doi/10.1145/3737611.3776961
https://dl.acm.org/doi/10.1145/contrib-99661791731
https://dl.acm.org/doi/10.1145/institution-60025017
https://dl.acm.org/doi/10.1145/contrib-99658637179
https://dl.acm.org/doi/10.1145/institution-60023147
https://dl.acm.org/doi/10.1145/contrib-81385602051
https://dl.acm.org/doi/10.1145/contrib-99659041128
https://dl.acm.org/doi/10.1145/institution-60025017
https://dl.acm.org/doi/10.1145/contrib-81100402564
https://dl.acm.org/doi/10.1145/institution-60025017
https://libraries.acm.org/acmopen
https://dl.acm.org/doi/10.1145/institution-60025017
https://dl.acm.org/doi/10.1145/institution-60023147
https://dl.acm.org/action/exportCiteProcCitation?dois=10.1145%2F3737611.3776961&targetFile=custom-bibtex&format=bibtex
https://dl.acm.org/conference/icdcn
https://dl.acm.org/conference/icdcn
https://dl.acm.org/conference/icdcn
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3737611.3776961&domain=pdf&date_stamp=2026-01-04


Wildlife Detection using Motion History Information Captured by
Camera Trap in the Dark

Shogo Yoshida
Nara Institute of Science and

Technology
Ikoma, Nara, Japan

yoshida.shogo.yo4@is.naist.jp

Yuki Matsuda
Okayama University

Okayama, Okayama, Japan
Nara Institute of Science and

Technology
Ikoma, Nara, Japan

yukimat@okayama-u.ac.jp

Kota Tsubouchi
LY Corporation
Tokyo, Japan

ktsubouc@lycorp.co.jp

Hirohiko Suwa
Nara Institute of Science and

Technology
Ikoma, Nara, Japan
h-suwa@is.naist.jp

Keiichi Yasumoto
Nara Institute of Science and

Technology
IKoma, Nara, Japan
yasumoto@is.naist.jp

Abstract
This paper proposes a method to analyze infrared camera trap
images captured at night for wildlife monitoring. Infrared images
are typically noisy, making daytime image analysis ineffective. Our
approach extracts motion information from continuous frames to
enhance classification accuracy. Experiments using real nocturnal
data demonstrate that the proposed method outperforms existing
models that analyze single images, achieving higher efficiency and
accuracy in wildlife detection under low-light and noisy conditions.

CCS Concepts
• Computing methodologies→ Computer vision.
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1 Introduction
Crop damage caused by wild animals is a global issue, emphasiz-
ing the need for effective wildlife monitoring. Camera traps are
widely used to observe nocturnal wildlife [4]. However, manually
inspecting the large number of infrared images collected is highly
labor-intensive. Many studies [8] have employed machine learn-
ing to classify animals automatically, but most focus on daytime
RGB images. In contrast, infrared images are affected by noise, low
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Figure 1: Overview of proposed method

contrast, and partial visibility of animals, often making recognition
challenging even for human observers [9].

To address this limitation, we propose a method that utilizes
Optical Flow [5] to extract motion information from sequential
nighttime frames. Unlike conventional CNN-based static image
analysis, our approach leverages temporal dynamics to improve
detection robustness under noisy conditions.

2 Methodology
This study provides a two-class classification of wildlife and back-
ground from infrared images captured at night by camera traps.
Data captured at night by infrared cameras are rendered in grayscale
with reduced luminance and noise and other differences in image
appearance compared with RGB camera data captured during the
daytime. Therefore, wildlife data captured by infrared cameras do
not clearly show the entire body, rather only the eyes or a part of
the body, making it difficult for the human eye to judge whether
wildlife has been captured or not. Our method employs dynamic
motion information to classify targets rather than relying on static
appearance. As illustrated in Figure 1, motion information is ex-
tracted using Optical Flow from video sequences captured by in-
frared cameras at night. This information is then used as input
features for the classification model, enabling highly accurate de-
tection. Optical Flow, specifically the Gunnar Farneback method [3],
represents pixel motion between consecutive image frames as vec-
tors. Although computationally expensive due to per-pixel motion
estimation, it captures detailed movement vectors and rich motion
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Table 1: Overall Performance

Data RGB Proposed method

Camera Trap 74.4 % 79.5 %
Prof. Camera 98.0 % 96.7 %

information. Note that algorithms for extracting motion informa-
tion are not limited to Optical Flow; the Motion History Image
(MHI) [1] technique is another well-known example. The extracted
Optical Flow data are used as input features to a classification model
that identifies wildlife in nighttime infrared images. We employ
DenseNet121 [6] as the classification architecture.

3 Experiment
The performance of the proposed method was compared with a
model that was trained on infrared images in the same ways as
if they were regular RGB images (described as RGB below). The
data used in the experiments were images actually captured by
camera traps set up in mountainous areas, and only infrared images,
which are prone to contain noise and have low resolution, were
used. In total, 14316 images were used. 6941 images were used for
training, 2975 for validation, and 4400 for evaluation. We chose
DenseNet121 as a learning model. The batch size during training
was set to 16, and adaptive moment estimation (Adam) [7] was used
as the optimization method. The learning rate was 1 × 10−6, cross
entropy loss was used as the loss function, and transfer learning
was performed based on models trained using ImageNet [2]. The
results are summarized in Table 1. The accuracy of the baseline RGB
model was 74.41%, while the proposed method achieved 79.53%.
This improvement confirms that incorporating motion information
enhances performance compared with static RGB-based analysis.

4 Discussion
Evaluation using high-resolution images: To enhance the ef-
fectiveness of the proposed method, the same experiment was
conducted on another high-resolution camera dataset. The high-
resolution infrared images were taken by a professional-use low-
noise camera, and the full-body images of wildlife were clearly
visible and easily recognized by the human eye. The total number
of high-resolution images was 11,476. 5,390 images were used for
training, 2,310 for validation, and 3,776 for evaluation.

On the high-resolution camera dataset, the accuracy of the RGB
model was 98.0% whereas that of the proposed method was 96.7%
(See the “Prof. Camera” result in Table 1). The proposed method
was comparably lower in accuracy possibly because the existing
method works sufficiently well on high-resolution data.
Limitations: A model using motion information was successful in
classification when the motion of the target was large, but tended
to be less accurate when the motion of the target was slight, such as
when swaying of branches and leaves was small or when the wild
animal was stationary. This is believed to be due that the classifica-
tion focuses only on the motion information of the target, which
reduces the amount of available information when the target is not
moving. It is possible to compensate for the decline in classification
accuracy by combining appearance information as a supplement,
rather than relying solely on motion information.

(a) Proposed Method (b) RGB

Figure 2: Grad-CAM Result

Qualitative evaluation using Grad-CAM: A method based on
Grad-CAM [10] was used to compare the outputs of the RGB model
and the proposed method (Figure 2). Grad-CAM visualizes the re-
gions of interest in an input image as a heatmap of the regions
that contributed the most to the model’s prediction. The compar-
ison indicated that the model using RGB images focused on the
background vegetation instead of the target animal, incorrectly clas-
sifying it into the background class, whereas the proposed method
accurately focused on the animal and correctly classified it. This is
because, by using motion information from OpticalFlow as input
for training, background information is eliminated and specific
parts and behavioral features of the animal are effectively captured.
These results confirm that the proposed method can effectively
learn and classify by using motion data of the target.

5 Conclusion
We developed a method for determining the presence of wildlife
in noisy images taken by an infrared camera at night. The method
is based on the idea that, by using optical flow to capture animal
movement information, wildlife can be accurately detected even
in noisy data. We compared our method with a model that judges
static RGB image-based images and validated it in experiments on
images from actual camera traps installed in a mountainous area.
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