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Abstract

Human-wildlife conflict presents significant challenges
to both conservation and human safety, necessitating effi-
cient monitoring systems for timely wildlife detection. We
introduce InfraNet, an infrared object detection system de-
signed for real-time wildlife monitoring using embedded de-
vices. Our key contributions are (1) a new annotated in-
frared dataset of elephants, human, and common domestic
animals, curated to capture diverse environmental condi-
tions, and (2) an ensemble methodology that combines pre-
dictions of multiple preprocessed thermal image versions
using a baseline YOLOv8m model without fine-tuning. Ex-
perimental results on a set of Elephant dataset show that the
proposed ensemble approach significantly increases recall
rate from 0.35 to 0.62. Additionally, the ensemble model
achieves real-time inference speeds on an NVIDIA Jetson
Xavier NX, making it suitable for field deployment.

1. Introduction

Human-wildlife conflict has become a growing concern
globally, posing significant challenges to both wildlife con-
servation and human communities. As human populations
expand and encroach upon natural habitats, interactions be-
tween humans and wildlife have increased, often with dis-
astrous outcomes. For instance, in Africa and Asia, ele-
phants frequently raid crops, causing economic losses for
farmers and sometimes resulting in human fatalities. In re-
taliation, communities may harm or kill wildlife, further
threatening already endangered species. In India, the sit-
uation is severe. The country is home to over 50% of Asia’s
wild elephants [12], and incidents of human-elephant con-
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flict are increasing. Villagers have taken extreme measures
such as electric fencing and poisoning to protect their liveli-
hoods, emphasizing the need for effective mitigation strate-
gies. Traditional methods to prevent human-wildlife con-
flicts, such as physical barriers, relocation of animals, or
community-based deterrents, have had limited success due
to animal adaptability and habitat fragmentation [13]. Inno-
vative solutions are needed to proactively prevent encoun-
ters. Early detection of wildlife approaching human settle-
ments is crucial for implementing timely interventions. Ad-
vanced monitoring systems using seismic [14], [2] and im-
agery data can significantly reduce the risks associated with
human-wildlife conflicts, but designing such systems poses
challenges in remote or resource-constrained environments.
Infrared thermal imaging has emerged as a valuable tool in
wildlife monitoring due to its ability to capture thermal sig-
natures of animals regardless of lighting conditions or other
environmental factors [10]. Thermal imaging enables con-
tinuous surveillance by detecting animals even at night, un-
like visible-light cameras that rely on adequate illumination.
Thermal cameras have been successfully used to monitor
nocturnal movements of elephants in African savannas [4],
leading to a better understanding and management of their
interactions with human settlements. Despite its potential,
infrared object detection for wildlife monitoring is fraught
with several challenges. In tropical regions, high ambient
temperatures reduce thermal contrast, making it challeng-
ing to distinguish animals from their surroundings in in-
frared imagery. Models trained on visible images often fail
to generalize to infrared imagery because of fundamental
differences in texture, contrast, and feature representation.
Furthermore, infrared sensors may exhibit decreased sensi-
tivity and increased noise under extreme conditions, affect-



ing image quality and thereby the detection reliability. En-
vironmental factors like humidity, foliage density, and at-
mospheric conditions also introduce noise and artifacts in
the thermal images. Thermal signatures vary by time of
day, generally improving at night when temperatures are
cooler but require systems to perform reliably under vary-
ing conditions. Researchers have also applied deep learn-
ing techniques to infrared imagery, often retraining models
on infrared datasets to improve performance. For instance,
Zhou et al. [16] introduced YOLO-CIR, which combines
YOLO with ConvNeXt, achieving better results on stan-
dard thermal image datasets. Retraining these models on
infrared datasets is resource-intensive and often impractical
due to the scarcity of annotated infrared data and limited
computational resources. Furthermore, the lack of large an-
notated infrared datasets makes it challenging to train or re-
train deep learning models specifically for infrared imagery.
In this work, we introduce InfraNet, an infrared thermal im-
age object detection system designed for real-time wildlife
monitoring on embedded devices. Our motivation arises
from the need to develop a functional and efficient system
for early wildlife detection to mitigate human-wildlife con-
flicts. By enhancing detection accuracy in infrared images
without fine-tuning the trained detection models, we aim
to provide a solution that can be readily deployed in envi-
ronments with limited computational resources, ultimately
benefiting both wildlife conservation and human safety. The
proposed approach leverages preprocessing techniques and
an ensemble methodology to enhance detection accuracy
using a single pretrained model. By focusing on infrared-
only detection and optimizing for efficiency, InfraNet pro-
vides a practical solution for early wildlife detection in ar-
eas affected by human-wildlife conflict, allowing for timely
interventions that promote both wildlife conservation and
human safety. This work focuses specifically on designing
an elephant monitoring system using thermal infrared imag-
ing. The paper is structured as follows: Section 2 presents a
new annotated thermal image dataset, Section 3 details the
proposed methodology, Section 4 discusses the experimen-
tal results, and Section 5 concludes the paper.

2. Dataset

The advancement of object detection in thermal images
relies significantly on the availability of annotated thermal
datasets. Public datasets include the FLIR ADAS Ther-
mal Dataset [3], the KAIST Multispectral Pedestrian Detec-
tion Benchmark [5], and the LLVIP dataset [6]. Although
these datasets are helpful for urban object detection involv-
ing pedestrians, vehicles, and other related objects, their
applicability to wildlife monitoring is limited. We intro-
duce a new annotated infrared thermal image dataset col-
lected from regions experiencing human-elephant conflicts
in India [1]. The dataset provides a comprehensive col-

lection of annotated infrared images of elephants captured
in diverse environmental settings, including varying tem-
peratures, backgrounds, and times of day. This variation
makes it suitable for evaluating the generalization capabil-
ity of various infrared object detection models. Data were
collected from 3 different locations: Chilla forest range of
Uttarakhand, the Elephant Training Center in Kerala, and
Trivandrum, Kerala. The datasets include 50,694 images
and 112, 816 annotated instances across three classes: ele-
phant (class_0), person (class_1), and other (class_2), en-
compassing common domestic animals goat, dog, cow, and
horse. The images were extracted from thermal videos with
spatial resolution 640 x 512 pixels at 10 frames per second.
A FLIR Boson thermal camera having pixel size 12 pym, 24°
field of view, and focal length of 18 mm was used to record
the videos. Table 1 summarizes the attributes of the ther-
mal datasets. The Chilla dataset, collected during 11:00 am
to 6:00 pm, with temperature varying from 38 to 45°C, has
challenging thermal contrast. The Konni dataset, record-
eded during 8:00 am to 10:00 am, presented cooler temper-
atures (25-30°C) and varied terrain, providing differing en-
vironmental conditions. The Trivandrum dataset, collected
during 7:00 am to 6:00 pm, predominantly consists of do-
mestic animal images, provides negative samples to eval-
uate false-positive detection performance. For each image
in the dataset, there is a corresponding label file containing
bounding box annotations in the YOLO label format. The
class distribution is imbalanced, with an abundance of per-
son instances in the Konni dataset and numerous other ani-
mal instances in the Trivandrum dataset. Figure 1 illustrates
the dataset’s diversity through sample labeled thermal im-
ages, showcasing various backgrounds, animal poses, and
environmental conditions.

3. Methodology

We employ a deep learning architecture with real-time
object detection capability, essential for timely wildlife
monitoring. This section outlines the proposed methodol-
ogy, including baseline model setup, preprocessing tech-
niques, ensemble approach, and the prediction aggregation
process.

3.1. Baseline Model

In this work, we choose the popular object detection al-
gorithm YOLOv8m [7] as the baseline model. This model is
pre-trained on the COCO-2017 dataset [8] which consists of
normal visible light images. The model is trained to classify
80 classes, including elephant and person. To adapt the pre-
trained model to our custom use case with 3 classes (ele-
phant, person, and other), we map domestic animal classes
(horses, goats, cows, and dogs) to the “other” category and
ignore remaining class predictions. This baseline serves as



Attribute Chilla Konni Trivandrum Total
Total Images 6,289 37,356 7,049 50,694
Instances Images 6,289 28,214 6,603 41,106
Background Images 0 9,142 446 9,588
Total Instances 12,175 92,814 7,827 112,816
Elephant Images 6,101 16,337 0 22,438
Elephant Instances 11,306 20,604 0 31,910
Person Instances 864 72,210 866 73,940
Other Instances 5 0 6,961 6,966
Temp Range (°C) 38-45 25-30 25-30 -
Capture Timeframe 11 am- 6 pm 8 am - 10 am 7 am - 6 pm -

Table 1: Attributes of the thermal dataset

(d) Chilla, Uttarakhand

(e) Chilla, Uttarakhand

(f) Trivandrum, Kerala

Figure 1: Sample thermal images with labels

a benchmark for evaluating different approaches on our col-
lected dataset, particularly assessing its ability to generalize
on infrared thermal image dataset without fine-tuning.

3.2. Thermal Image Preprocessing

Our initial experiments with fine-tuning the baseline
model using thermal images indicated that the model over-
fits the training set and performs poorly on the validation
set, particularly in the challenging Chilla dataset. Hence
we explore various pre-processing steps to improve the per-
formance of the baseline model instead of fine-tuning the
baseline model. To improve generalization, we preprocess

the raw thermal frames, which are in grayscale format, be-
fore feeding them into the detection model. We consider the
following two preprocessing techniques.

3.2.1 Image Inversion

Image inversion transforms each pixel intensity I(x,y) to
its negative Iy (z,y):

Iiﬂv(zyy) = 255—[(17,2,/) (1)

The rationale behind this preprocessing step is that it im-
proves the contrast of white or gray details in dark back-
grounds, as in the case of the Chilla dataset, where the ele-
phants appear darker than the background due to higher am-
bient temperature.

3.2.2 Bilateral Filtering

Bilateral filtering is an edge-preserving and noise-reducing
smoothing technique [9, 15]. This filtering reduces noise
while preserving important edges, which is crucial for de-
tecting faint edges in infrared images. It computes a
weighted average of nearby pixels based on spatial prox-
imity and intensity similarity:

hy) =5 32 Gall6:d) ~ ()
P (i,)es
2

where G is the spatial Gaussian kernel, G, is the range
Gaussian kernel, W, is the normalization factor, and S is
the spatial neighborhood. The bilateral filtering parameters
used in our implementation are: the spatial neighborhood
diameter of 9 pixels, and both the range G, and the spatial
G s Gaussian kernels having standard deviation of 75.



3.3. Ensemble Method

To enhance detection accuracy and generalize across
varying thermal signatures, we implement an ensemble ap-
proach that combines predictions from two preprocessing
techniques: inversion and bilateral filtering. For each in-
put image, we consider four variants: the original, inverted,
bilaterally filtered, and bilaterally filtered version of the in-
verted image. These representations provide the YOLO de-
tection model with diverse features that are more prominent
under specific preprocessing conditions, thereby improving
overall detection performance. Each preprocessed image
is passed to the baseline YOLO model, generating distinct
prediction sets and only the predictions which are having
a confidence score greater than a certain threshold o are
retained. In the aggregation step, a Non-Max Suppression
(NMS) strategy [11] is applied to the four image prediction
sets using an Intersection over Union (IoU) threshold 6 to
eliminate redundant detections. Initially, a class-wise NMS
step is performed to retain only the highest confidence in-
stance of overlapping detection of each class. Furthermore,
if an elephant and an other detection overlap with an loU
greater than 0, the elephant detection is retained irrespective
of comparison with the other instance. However, we also
retain the other instance if it has a higher confidence score.
Additionally, each detection retains information about its
preprocessing method, allowing us to analyze the contribu-
tion of each technique to the final detection performance.
The detailed steps of this ensemble process are outlined in
Algorithm 1.

4. Experimental results

In this Section, we present a detailed performance anal-
ysis of the proposed ensemble method in comparison to the
baseline model. The evaluation metrics considered are pre-
cision and recall, which are critical to assess object detec-
tion performance in wildlife monitoring applications. Addi-
tionally, the contributions of each preprocessing variant to-
wards the overall recall of the ensemble model is analyzed
through a detailed breakdown of True Positives (TP) and
False Positives (FP). We set a minimum confidence thresh-
old « as 0.25 for detections to filter out low-confidence pre-
dictions, ensuring a balance between true and false posi-
tives. In the aggregation step, we have used the IoU thresh-
old § = 0.5 for non-max suppression.

Table 2 reports the frame-level precision and recall for
each of the considered classes (elephant, person, and other)
across different dataset locations (Trivandrum, Konni, and
Chilla) and the overall performance. In Trivandrum dataset,
the ensemble approach achieves a recall of 0.930 for the
other class, increasing from (0.534 in the baseline model.
The low precision values for the person class in Trivandrum
dataset is attributed to the misclassifications of many other

Algorithm 1 InfraNet Ensemble Detection

Require: Image I, Preprocessing techniques {inv, bf}, De-
tection model M, IoU threshold 6

Ensure: Final detections F’

LD+ 0, F« 0

2: for each I, in {I,inv(I),bf(I), bf(inv())} do

3 P+ M(Ik)

4. D + D UMapClassesCustom(Py;)

5: end for

6: for each class ¢ € {elephant, person, other} do

7. D, < {d € D|d.label = c}

8:  Sort D, by d.score descending

9:  while D. # () do

10: d + argmax(D,.score)

11: F <+ FU{d}

12: D, + D \{d | ToU(d,d") > 6}

13:  end while

14: end for

15: E < {d € F| d.label = elephant}

16: P < {d € F'| d.label = person}

17: O < {d € F'| d.label = other}

18: for each elephant € F do

190 O « O\ {o.other € O | IoU(elephant, other) >

0 A elephant.score > other.score}

20: end for

21: F«<~ FUPUO

22: return F

objects as person due to close proximity with the camera.
Furthermore, the number of person instances in the dataset
is very few compared to the number of misclassifications,
and hence resulting in the low precision score. In the Konni
dataset, the ensemble method increases the recall for ele-
phant detections from 0.438 in baseline model to 0.573.
This relatively lower recall score is due to the strict labeling
carried out during the annotation process. There are many
instances where the elephant is partially occluded by dense
foliage, but still labeled as elephant. Figure 3 shows one
such example where the elephant is hardly visible but still
labeled as elephant. The most noticeable improvement in
the recall rate for the elephant class is observed in the Chilla
dataset, where the recall significantly increased from 0.124
in the baseline model to 0.767 in the ensemble model. As
illustrated in Fig.2, the low recall rate of the baseline model
is because of the low image contrast due to high ambient
temperature. The baseline model fails to detect any of the
elephants present in the frame, whereas the ensemble model
accurately detects all three elephants.

In summary, the ensemble model consistently outper-
forms individual preprocessing techniques in terms of re-
call across all classes and locations, indicating a higher de-
tection rate of true objects. It is to be noted that the en-
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Figure 2: Prediction results for an image in the Chilla
dataset

Figure 3: Example of a missed elephant detection.

semble model enhances the recall performance with only a
marginal decrease in the precision rate. High precision im-
plies lower false alarm rate, which is equally important as
the recall for a reliable wildlife detection system. It is inter-
esting to analyze the contributions of the predictions from
the input image variants to the predictions of the ensemble
model. The number of true positive detections given in Ta-
ble 3 for each preprocessed variant of input image give the
information about the individual contributions to the over-
all recall of the ensemble model outputs. For instance, in
the Chilla dataset, the major contribution to recall is com-
ing from the inverted and bilaterally filtered images. On the
other hand, in the Konni dataset, major contribution is from
the inverted image predictions. For an elephant warning
system, it is important to keep a very low false alarm (false
positive) rate. As given in Table 3, the ensemble model
produces false positive detections in a total of 701 images
in the dataset. Since false positive detections in temporally

adjacent frames of a video are unlikely, it is possible to re-
duce the false alarm rate further by taking a combined de-
cision from the frames in a temporal window. We have also
evaluated the feasibility of deploying the proposed ensem-
ble model on an edge device for real-time elephant monitor-
ing. For this, we used an NVIDIA Jetson Xavier NX mod-
ule with a YOLOv8m model with TensorRT INT8 quanti-
zation. We achieved an inference speed of about 6 frames
per second, which is reasonable for real-time applications.

5. Conclusions

In this paper, we proposed InfraNet, a thermal image
object detection method for real-time wildlife monitoring.
The proposed ensemble model combines predictions ob-
tained from multiple preprocessed image variants using the
pre-trained YOLOv8m model. The experimental results
show significant improvements in recall performance with-
out affecting the precision on the considered datasets. We
have also introduced a large-scale annotated thermal im-
age dataset of elephants, human, and common domestic an-
imals. The feasibility of real-time deployment of the In-
fraNet model on edge devices is verified using an NVIDIA
Jetson Xavier NX module.
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